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Appendix to “Global, regional, and national age-sex specific mortality for
282 causes of death, 1980-2017: a systematic analysis for the Global
Burden of Disease Study 2017”

This appendix provides further methodological detail, supplemental figures, and more detailed results
for “Global, regional, and national age-sex specific mortality for 282 causes of death, 1980-2017: a
systematic analysis for the Global Burden of Disease Study 2017.” This appendix is organized into
sections that follow the structure of the main paper.



Preamble

This appendix provides further methodological detail and more detailed results for “Global, regional,
and national age-sex specific mortality for 282 causes of death, 1980-2017: a systematic analysis for the
Global Burden of Disease Study 2017.” This study complies with the Guidelines for Accurate and
Transparent Health Estimates Reporting (GATHER) recommendations. It includes detailed tables and
information on data in an effort to maximize transparency in our estimation processes and provide a
comprehensive description of analytical steps. We intend this appendix to be a living document, to be
updated with each iteration of the Global Burden of Disease Study.
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Section 1: GBD Overview

Section 1.1: Locations of the Analysis

The locations included in GBD 2017 have been arranged into a set of hierarchical categories composed
of seven super-regions and a further nested set of 21 regions containing 195 countries and territories
(Appendix Table 2). Each year, the GBD Study undertakes subnational analysis for a small number of new
countries, and continues to estimate subnationally any that were undertaken in previous cycles.
Subnational estimation in GBD 2017 includes five new countries (Ethiopia, Iran, New Zealand, Norway,
Russia), and all countries previously estimated at subnational levels (GBD 2013: China, Mexico, United
Kingdom; GBD 2015: Brazil, India, Japan, Kenya, South Africa, Sweden, and the United States; GBD 2016:
Indonesia, United Kingdom). All analyses are at the first level of administrative organization within each
country with the exception of New Zealand separately by Maori ethnicity, Sweden which has been
estimated for Stockholm and non-Stockholm, and the United Kingdom which has been estimated down
to the local government authority level). All subnational estimates for these countries were
incorporated into model development and evaluation as part of the GBD 2017 study. To meet data use
requirements, in this publication we present only subnational estimates that have been already
published elsewhere (Brazil, India, Japan, Kenya, Mexico, Sweden, United Kingdom, United States); given
space constraints these results are presented in appendix tables and figures instead of the main text
(see Supplementary Results). Subnational estimates for countries with populations larger than 200
million (measured using our most recent year of published estimates) that have not yet been published
elsewhere are presented wherever estimates are illustrated with maps, but are not included in data
tables.

Section 1.2: Time Period of the Analysis

A complete set of cause-specific mortality and years of life lost (YLL) numbers and rates were computed
for the years 1980-2017.

All GBD 2017 results and online data visualisations will be made available upon paper acceptance.
Section 1.3: Statement of GATHER Compliance

This study complies with the Guidelines for Accurate and Transparent Health Estimates Reporting
(GATHER) recommendations. We have documented the steps involved in our analytical procedures and
detailed the data sources used. See Appendix Table 1 for the GATHER checklist.

The GATHER recommendations may be found here: http://gather-statement.org/

Section 1.4: List of abbreviations
5q0: probability of death from birth to age 5 years

45q15: probability of death from age 15 years to 60 years


http://gather-statement.org/

Adol: adolescent

Air poll mort: mortality attributable to air pollution
ANC: antenatal care

ART: antiretroviral therapy

BMD: bone mineral density

BMI: body mass index

BTL: basic tabulation list

CBH: complete birth history

CD4: Cluster of differentiation 4+ T lymphocyte; an indicator of immune function
CDR: crude death rates

CKD: chronic kidney disease

CKD-DM: chronic kidney disease deaths attributable to diabetes
CoD: causes of death

CODEm: cause of death ensemble modelling
COPD: chronic obstructive pulmonary disease

CR: cancer registry

CRA: comparative risk assessment

CSA: childhood sexual abuse

CSMR: cause-specific mortality rate

CVD: cardiovascular disease

DAH: development assistance for health

DALYs: disability-adjusted life-years

DHS: Demographic and Health Survey

DPT: diphtheria-pertussis-tetanus



DRI: data representativeness index

DSP: Disease Surveillance Points

ELISA: enzyme-linked immunosorbent assay

EMR: excess mortality rate

EPEC: enteropathogenic Escherichia coli

EPP: Estimation and Projection Package

ETEC: enterotoxigenic Escherichia coli

FAO: Food and Agriculture Organization

GATHER: Guidelines for Accurate and Transparent Health Estimates Reporting
GBD: Global Burden of Diseases, Injuries, and Risk Factors Study
GEMS: Global Enteric Multicenter Study

GHDx: Global Health Data Exchange

GPRM: Global Price Reporting Mechanism

HAQ: Healthcare Access and Quality

HH air poll: household air pollution

Hib: Haemophilus influenzae type B

HIV CDR: Crude death rate due to HIV/AIDS

IAEG-SDGs: Inter-Agency and Expert Group on Sustainable Development Goal Indicators
IARC: International Agency for Research on Cancer

ICD: International Classification of Disease

IER: integrated exposure response

IHD: ischemic heart disease

IHR: International Health Regulations

ILO: International Labour Organization



IOTF: International Obesity Task Force

IPUMS: Integrated Public Use Microdata Series
IPV: intimate partner violence

ISIC: International Standard Industrial Classification
JMP: Joint Monitoring Programme

LDI: lag distributed income per capita

LMER: linear mixed effects regression

LRI: lower respiratory infection

MAP: Malaria Atlas Project

MCCD: Medical Certification of Causes of Death
MCEE: Maternal and Child Epidemiology Estimation group
MDG: Millennium Development Goal

MICS: Multiple Indicator Cluster Surveys

MIR: mortality/incidence ratio

MM: maternal mortality

MMR: maternal mortality ratio

MMS: Maternal Mortality Surveillance

Mort: mortality

NCD: non-communicable disease

NN mort: neonatal mortality

NTDs: neglected tropical diseases

Occ risk burden: burden attributable to occupational risks
ODA: Official development assistance

OECD: Organisation for Economic Co-operation and Development
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PAF: population attributable fraction

PCV3: Three-dose pneumococcal conjugate vaccine
PM2.5: particulate matter <2.5um in diameter

RCT: randomised controlled trial

RMSE: root mean square error

RSV: respiratory syncytial virus

SBA: skilled birth attendance

SBH: summary birth history

SBP: systolic blood pressure

SCD(R): Survey of Causes of Death (Rural)

SD: standard deviation

SDG: Sustainable Development Goal

SDI: Socio-demographic Index

SDSN: Sustainable Development Solutions Network
SEER: Surveillance, Epidemiology, and End Results Program
SEV: summary exposure value

SIR: smoking impact ratio

SRS: Sample Registration System

SSB: sugar-sweetened beverages

ST-GPR: spatiotemporal Gaussian process regression
TAC: TagMan Array Card

TB: tuberculosis

TMREL: theoretical minimum-risk exposure level

TRIPS: Agreement on Trade-Related Aspects of Intellectual Property Rights
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U5MR: under-5 mortality rate

UHC: universal health coverage

Ul: uncertainty interval

UN: United Nations

UNICEF: United Nations Children’s Fund
USSR: Union of Soviet Socialist Republics
VA: verbal autopsy

VR: vital registration

WaSH: water, sanitation, and hygiene
WEFS: World Fertility Surveys

WHO: World Health Organization

YLDs: years lived with disability

YLLs: years of life lost

Section 1.5: GBD results overview

Results from the Global Burden of Disease Study (GBD 2017) are now measured in terabytes. Results are
available in an interactive data downloading tool on the Global Health Data exchange (GHDx).

The current version of the data download tool is available in the GHDx and contains core summary
results for the GBD 2017: http://ghdx.healthdata.org/ghd-results-tool.

The core summary results include deaths, YLLs, years lived with disability (YLDs), and disability-adjusted
life-years (DALYs). The GHDx includes data for causes, risks, cause-risk attribution, aetiologies, and
impairments.

In the GBD 2017 version, the GHDx tool also contains measures such as prevalence and incidence as well
as rate of change data. Data above a certain size cannot be viewed online but can be downloaded.
Depending on the size of the download, users may need to enter an email address; a download location
will be sent to them when the files are prepared.
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Section 1.6: Data input sources overview

GBD 2017 incorporated a large number and wide variety of input sources to estimate mortality, causes
of death and illness, and risk factors for 195 countries and territories from 1990-2017. These input
sources are accessible through an interactive citation tool available in IHME’s GHDx.

Users can retrieve citations for a specific GBD component, cause or risk, and location by choosing from
the available selection boxes. They can then view and access GHDx records for input sources and export
a CSV file that includes the GHDx metadata, citations, and information about where the data were used
in GBD. Additional metadata for each input source are available through the citation tool, as required by
the GATHER statement.

The citation tool is accessible through the GHDx at http://ghdx.healthdata.org/gbd-2016/data-input-
sources.

Section 1.7: Funding Sources

Research reported in this publication was supported by the Bill & Melinda Gates Foundation, the
National Institute on Aging of the National Institutes of Health (award P30AG047845), and the National
Institute of Mental Health of the National Institutes of Health (award RO1IMH110163). The content is
solely the responsibility of the authors and does not necessarily represent the official views of the Bill &
Melinda Gates Foundation or the National Institutes of Health.

Section 2: GBD 2017 causes of death database

Section 2.1: Background

Appendix Figures 1 and 2 show the high-level view of data inputs, analytical steps, and outputs of the
CoD analysis frame. Section 2 of this appendix provides details on each step in the development of the CoD
database as illustrated in Appendix Figure 1. The complexity of the overall process can be usefully divided
into three broad phases: (1) data inputs on the event of death going into the CoD database that are
analysed using CODEm; (2) data inputs on precursors to death that are modelled through a variety of
strategies; and (3) the integration of these streams of analysis into a single set of CoD estimates by
age, sex, year, and geography with uncertainty through the CodCorrect algorithm. A different process
is used for cancer and HIV/AIDS estimations and is described in detail in Section 3.

Section 2.2: CoD data identification

Section 2.2.1: Overview of data types

The CoD database contains seven types of data sources (Appendix Table 3): vital registration (VR),
verbal autopsy (VA), cancer registry (CR), police records, sibling history, surveillance, and
survey/census. The highest-quality data have detailed demographic group characteristics and detailed
CoD across the time series. Data from countries with complete VR systems are considered to be high-

13


http://ghdx.healthdata.org/gbd-2016/data-input-sources
http://ghdx.healthdata.org/gbd-2016/data-input-sources

quality. For countries with incomplete VR systemes, vital statistics for causes of death may be
supplemented with other data types to provide cause-specific estimates (Appendix Figure 3).

Section 2.2.2: ICD detail

A majority of the CoD data is VR data obtained from the World Health Organization (WHO) Mortality
Database, a compilation of data submitted to the WHO by individual countries. VR is also obtained
from country-specific mortality databases operated by official offices. VR data is considered to be the
highest-quality data, as it is the most comprehensive. Each cause is coded directly to the most detailed
CoD when possible, whereas cause codes in ICD-tabulated data are coded to aggregated cause groups.
The CoD database contains 2,338 country-years of detailed data from 1980 to 2017, which includes
underlying CoD coded with 3-5 digit codes, by country, year, sex, and age groups. Detailed causes are
coded to one of the following International Classification of Disease (ICD) detail coding systems: ICDS,
ICD9, or ICD10 (Appendix Table 4). Each coding system has a similar cause hierarchy and cause list that
has continually developed over time. ICD10 is the current standard and the most exhaustive cause list.
Within the cause lists, 5-digit codes are truncated to 4-digit codes to condense the lists. Updates to ICD
detail occur biannually as WHO releases new versions or as country collaborators provide additional
data. Updates to data from WHO increasingly include ICD10 CoD data, as it is the most current
classification of CoD, while updates to ICD8 and ICD9 detailed lists are less common. In the case of
overlapping data, preference is given to data from pre-determined country collaborations, which are
updated annually.

Section 2.2.3: ICD tabulations list

The ICD tabulation lists include the ICD8 List A (ICD8A), ICD9 Basic Tabulation List (BTL), ICD10
Mortality Tabulation, Russia Tabulation list, and India Medical Certification of Cause of Death
(MCCD). These data sources make up 1,183 country-years from 1980 to 2016 in the CoD database.
All are condensed versions of the ICD9 and ICD10 detail lists, with some differences in the format of
cause lists depending on the data source. ICD8A, ICD9 BTL, and ICD10 Mortality Tabulation CoD are
assigned to subtotal groups (referred to as chapters) and cause groups respective to ICD detail
groups. Additionally, ICD9 BTL includes ICD9 detail codes for some cancers and a custom tabulation
scheme for the former Union of Soviet Socialist Republics (USSR) countries. The Russia Tabulation lists
and India MCCD cause lists each have custom nomenclatures based on ICD detail cause codes.

Two of the drawbacks in using tabulation lists are discrepancies in the accuracy of death counts and lack
of detail due to aggregated cause groups. There are instances where the sum of deaths in chapter
subtotals are not equal to the sum of cause groups within the chapter. To account for any missing or
duplicate deaths reported within the cause groupings, death counts are systematically adjusted by
calculating the differences between subtotals and sub-causes within the cause groups. Any differences
are assigned to a remainder cause group. To account for the lack of cause code detail, select cause
groups are disaggregated (Step 1.1) to create a complete cause list. Updates to ICD Tabulation lists
obtained from WHO occur less frequently compared to ICD detailed lists, as more countries are
reporting deaths in ICD detail. In instances of overlapping data, preference is given first to detailed
collaborator data, followed by detailed WHO data, then tabulated collaborator data, and finally tabulated
WHO data.
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China DSP/China CDC

The two primary sources of data for China are surveillance data from the China Disease Surveillance
Points (DSP) system and VR data collected by the Chinese Center for Disease Control and Prevention
(CDC). In the China DSP data, deaths were reported across 145 disease surveillance points used from
1991 to 2003, 161 points used from 2004 to 2007, and 605 disease surveillance points from 2008 to 2016.
While China DSP with ICD10 coding is considered sample VR data, it provides national coverage and
cause detail. Thus, it receives similar processing and treatment to the China CDC VR from 2008 to 2016.
From 2008 to 2016, all of the deaths and CoD information from the Disease Surveillance Points system
and other system points throughout China were collected and reported via the Mortality Registration and
Reporting System, an online reporting system of the Chinese CDC. The deaths in these data are reported
at the strata level, a metric that is specific to China. Counties are stratified by urban and rural
classification, but definitions of urbanity vary across counties. In Step 7 we use a method developed to
scale up deaths from strata level to the province level.

India MCCD

The India Medical Certification of Cause of Death (MCCD) has data for the urban parts of the majority of
the states and union territories beginning in 1980. Deaths reported in this data source have been
medically certified and are considered VR data. The CoD are reported in a tabulation list with a unique
numbering scheme that conforms to ICD9 and ICD10 detail codes, which must be disaggregated. MCCD
is state-split to fill in data gaps (Step 1.2 State Splitting) prior to age-sex splitting. Because the Sample
Registration System (SRS) is widely considered a more credible assessment of CoD in India, we chose to
use MCCD data only in certain cases for modelling with CODEm. We preserved MCCD data in the
database for two primary reasons. First, where the three midpoint years of SRS data resulted in the loss
of a clear time trend, as was the case for maternal mortality, we chose to preserve MCCD in addition to
SRS. Second, MCCD has advantage over SRS in cases where VA is not a valid instrument for ascertaining
CoD, like encephalitis, dengue fever, and peptic ulcer disease — in these cases, we kept MCCD over SRS.

Section 2.2.4: VA
VA coded to ICD10 and VA coded to other lists

In countries without VR systems, VA studies are a viable data source to inform CoD. Data are obtained
by trained interviewers who use a standardised questionnaire to ask relatives about the signs,
symptoms, and demographic characteristics of recently deceased family members. CoD is assigned based
on the answers to the questionnaires.

VA data are highly heterogeneous: studies use different instruments, different cause lists (from single
causes to full ICD cause lists), different methods for assigning CoD, different recall periods, and
different age groups. Cultural differences may also affect the interpretation of specific questions. CoD
validity must be considered when mapping to a GBD cause. VAs are likely accurate in assigning CoD to
road injury or homicide, but less accurate for causes requiring medical certification, such as
cardiovascular causes. Studies may also occur as stand-alone assessments or as part of an extended
network, such as INDEPTH - a continuous surveillance source with several Demographic Surveillance
Systems sites that collect data coded to ICD detail causes.
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INTERVA-modelled VA

INTERVA, a set of computer models intended to facilitate interpreting VAs, was found to be non-
credible by the Population Health Metrics Research Consortium (PHMRC). As a result, INTERVA-
modelled VAs are typically excluded from our analysis due to low validations, with the exception of
injuries and maternal causes where they are used to fill gaps and stabilise patterns.

India SCD

Deaths reported in VA studies in rural Indian states can be accounted for in the Survey of Causes of
Death (SCD) from 1980 to 1994.! Data in the SCD were collected through a VA survey from a sample of
villages. To expand our estimates to additional states and causes we used methods of state splitting
post mapping to GBD causes (Step 1.2). For GBD 2017, the primary source of CoD data for India was
India SRS, described below. With the exception of select causes for which SCD data were a critical
source in CODEm models, SRS data were used in place of SCD data for causes included in both
databases.

Sample registration system

Sample registration systems are expanding in several countries, and are key sources of data in
Indonesia and India. The SRS is a dual-record system wherein a resident part-time enumerator
continuously records births and deaths in each household within the sample unit every month. A full-
time SRS supervisor thereafter independently collects the vital events along with other related details
for each of the preceding six month periods during the calendar year.

Section 2.2.5: Other data types
Maternal mortality data

In locations with low-quality, or no, VR, maternal mortality metrics can be found in surveillance, surveys,
census, and sibling history data sources. The best data have death counts due to maternal causes and the
total number of deaths for women within the reproductive ages of 10 to 54 by year. If a data source is
missing these components, it is necessary to create a complete cause list using live births and all-cause
mortality deaths (Step 1.4).2 Though death counts are the preferred metric, maternal mortality is often
measured using the maternal mortality ratio (MMR), which is easily converted to deaths using live births.
The China Maternal and Child Surveillance data is adjusted by scaling data from the strata to the province
level (Step 7).

Surveys and censuses reporting fraction of deaths due to selected injuries

Surveys and censuses are often used in countries with less developed VR systems; in countries with
adequate VR surveys and censuses are supplementary. Much like VAs, the CoD validity is a concern
due to lack of medical certification at the time of death. For these data sources we only keep causes
related to maternal mortality and injuries. The remaining causes are accounted for as a remainder
of total deaths in the sample size.
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Police records

In most countries, police and crime reports are an important source of information for some types of
injury deaths, notably road injuries and interpersonal violence. Our police data come from reports on
road traffic and crime trends. The police reports used in this analysis were obtained from published
studies, national agencies, and institutional surveys such as the United Nations (UN) Crime Trends survey
and the UN Office on Drugs and Crime Global study on Homicides. We assess whether police reports
were likely to be complete and cover the entire country by comparing police trends with those seen in
VR. Data are excluded in instances where police data for road traffic injuries are significantly lower than
the VR. The threshold for exclusion is less than 80% of the cause fraction of the road traffic injuries in
VR. Police data that meet our inclusion criteria and provide complete coverage are uploaded to the
database for use in road injuries and interpersonal violence deaths estimation.

Section 2.2.6: Population-based cancer registries
Cancer registries with incidence

Data on cancer incidence were sought from individual population-based cancer registries as well as
from databases that include multiple registries, including Cancer Incidence in Five Continents,
NORDCAN, and EUREG. Cancer registries were identified through the membership list of the
International Association of Cancer Registries, through the GBD collaborator network, or through the
GHDx. Registries were excluded if they were not representative of the coverage population, if they did
not contain incidence data tabulated by cancer site, if the data were limited to years prior to 1980, if
the source did not provide details on the population covered, or if the list of cancer sites included was
not comprehensive.

Cancer registries with incidence and high-quality mortality data

In addition to incidence, some high-quality cancer registries also report cancer mortality data. These
data were also extracted and used as inputs to the mortality-to-incidence model.

Section 2.3: Step 1 — Standardise input data

The input data to the CoD database are received in various formats and must be standardised to run
through central CoD machinery to then upload to the database. Raw data inputs come from data
sources such as mortality databases, literature reviews, or reports. Usable data sources must have a
clear sample size of the number of deaths in the population and exhaustive cause lists. The complexity
of the data cleaning process varies drastically across data sources. For VR micro-data with the location,
age, sex, year, and ICD-coded cause of every death, very little effort is necessary to standardise it into
a consistent structure. Other sources may require weeks of careful review to accurately extract scans
of hardcover CoD reports into spreadsheets that can be transformed and standardised.

At this point, data are assigned source identifiers so that they can be linked to the Global Health Data
Exchange (GHDx) and cited appropriately. Any aggregate age and sex categories are flagged for age-sex
splitting. The methods of cause-of-death assignment and data collection are reviewed to determine
which source type to assign; for example, we distinguish sibling history data from surveys with a VA
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module. Only data at the most detailed level of the Global Burden of Disease location hierarchy are
used. Documentation from the source is reviewed to determine if the population is representative of
the location or only a subset of the population in that location. Data sources representing a subset of
the population are flagged as non-representative; this flag is used by CODEm to increase the variance
associated with such data points.

Finally, diagnostics are reviewed at this stage to avoid sending cleaning errors downstream. We review
cause-specific deaths for each demographic group to ensure the data are reasonable. For example, it is
unlikely that male breast cancer deaths are higher than female breast cancer or deaths from neonatal
causes occur in age groups over one year. All deaths totals are compared with the sum of cause-specific
deaths to ensure the observed deaths are accounted for and sample size is complete.

Step 1.1 - Disaggregation

Causes of death in tabulated VR data are condensed into aggregated groups, some of which can be
mapped directly to GBD causes while other aggregated cause groups are not informative and cannot
be mapped to GBD causes. To correct for this, aggregated causes were mapped and split onto multiple
ICD8, ICD9 and ICD10 detail causes, or targets, based on the ICD groupings within the aggregated
causes. ICD8, ICD9 and ICD10 detail codes serve as targets because they are the highest-quality VR data
and enable the calculation of proportions used to split the aggregated cause data into detailed causes.
The proportions of deaths from nearby countries within the super-region were used to fill in data gaps
as they were likely to have similar CoD trends.

We determined the targets based on detail causes missing from the tabulated cause list. For example,
in ICD9 BTL, the tabulated cause list includes a viral diseases group. In the hierarchy of causes, this
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group consists of “measles”, “yellow fever”, “encephalitis”, “hepatitis”, “rabies”, “other infectious
diseases”, “garbage code”, and “remainder of viral diseases”. We did not consider this list to be an
exhaustive list of viral diseases based on the range of ICD detail codes given in the ICD9 BTL
documentation. To make the cause list exhaustive and inclusive of other viral diseases, we split the

n

remainder of the viral diseases group into “other meningitis”, “other infectious diseases”, “herpes”,
“dengue”, “other neglected tropical diseases”, and “garbage code”. After a list of targets was
determined, the aggregated deaths were disaggregated to the target causes using ICD8, ICD9, and
ICD10 detail proportions generated at the super-region level for the corresponding sex and age groups
across all years in the time series. For example, in ICD9 detail data, 54.8% of deaths in males in Latin
America and the Caribbean within the target group for BTL Viral Diseases were designated “other
meningitis”, so 54.8% of deaths in the tabulated group “remainder of viral diseases”, were assigned to
“other meningitis” for any country within that particular super-region. For any cause and demographic

group where we lacked ICD detail, global proportions were used.
Step 1.2 - State splitting

Two sources for CoD estimation in India are the Medical Certification of Causes of Death (MCCD)
report, which reports medically certified deaths from health facilities in mostly urban areas?, and the
Survey of Causes of Death (SCD), which collects information via VA on about one-half of 1% of all rural
deaths in India, based on populations living in about 1,300 primary health care centers spread
throughout the country.* For both of these reports, missing data impedes estimation of trends at the
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state level. We used a first-order, log-linear model of the four-way contingency table of deaths by sex,
age, state, and year to estimate the missing state-years. We fit the model to all available data for
MCCD and SCD separately for each cause, including state-specific all-age measurements and age-
specific national measurements. From this, we produced estimates for each combination of sex, age,
state, and year. We then used these estimates wherever the raw data did not include sex-, age-, and
state-specific death counts.

For MCCD, the model was fit separately for ICD10- and ICD9-based reports using the tabulated cause
list present in the data. In the SCD report, the model was fit for each GBD cause in the data. As data
from the SCD reports were relatively sparse, the pooling of like causes together led to an improved
model fit.

Step 1.3 - Calculate non-maternal deaths

In cases when maternal mortality metrics do not include both deaths due to maternal causes and
deaths due to non-maternal causes for women of reproductive age, live births and all-cause mortality
estimates can be used to calculate deaths. Many studies report maternal deaths as the maternal
mortality ratio (MMR). MMR is the number of maternal deaths per 100,000 live births and can be used
to calculate deaths when it has been derived from primary data and not estimated. Maternal deaths
were calculated using MMR and live births; if live births were missing we substituted live birth
estimates and used the following equation:

MMR

_ % Li ,
Maternal deaths —100'000 Live births

If a study was non-representative, we extracted sample size and live births from that study. After
maternal deaths were calculated, we used the difference from all-cause mortality estimates to
determine non-maternal deaths.

A more accurate and data-inclusive method of calculating maternal and non-maternal deaths
incorporates coverage and splits deaths for a range of years into individual years. If there were live
births in the study, we adjusted the coverage.

Live births
GBD estimated live births

Coverage =

After coverage was calculated, totals deaths were scaled to be more representative. This gives a more
accurate death count since the envelope assumes representative coverage. Using all-cause mortality as
an all-cause total, non-maternal deaths were subsequently calculated.

Maternal envelope with coverage = Maternal envelope X Coverage

An additional adjustment can be applied to maternal data spanning over a range of consecutive years,
which allows for more data inclusion. The years within specified year ranges are separated into
individual years, and total deaths within the year range were split between each individual year using
the fixed proportions of maternal deaths from VR in that particular country. We used only VR data
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inform the proportions because it was both high-quality and representative.
Section 2.4: Step 2 - Map to GBD cause list

In GBD 2017 we used 529 maps to translate causes found in the input data to the GBD 2017 cause list.
This included 33 maps for VR data, 289 for VA data sources, and 102 for other data types. The largest,
and most universal, maps used were those for ICD9 and ICD10 detail VR data. The input data causes
varied from 3-4 digit ICD codes to custom cause lists with cause names such as “cholera” or “hepatitis”.
Our mapping process made it possible to compare these various data sources across demographic
groups.

In GBD 2017, we developed additional maps to translate ICD codes found in the input data that are
non-underlying causes to appropriate target codes based on the levels of the GBD cause list. These
garbage codes were mapped to Levels 1-4 of the GBD cause list according to the following criteria:

1. Level 1 includes all garbage codes for which a Level 1 GBD cause cannot be directly assigned. For
example, the underlying causes of “sepsis” or “peritonitis”, if not specified in the data, could be an
injury, a non-communicable disease, or a type of communicable disease. In these cases, deaths will be
redistributed across all three of these Level 1 causes. In addition, deaths coded to impossible or ill-
defined causes of death, including “senility” and “unspecified causes”, fall into this category, as they will
be redistributed onto all causes.

2. Level 2 includes all garbage codes that can be assigned to specific Level 1 causes in the GBD cause list.
This would include deaths coded to “unspecified injuries” (X59), which are redistributed onto all injuries.

3. Level 3 includes all garbage codes for which we know the Level 2 CoD, and can redistribute onto Level
3 causes. This includes deaths coded to causes such as “unspecified cardiovascular disease”, which falls
within the Level 2 cause “cardiovascular diseases”, as well as those coded to “unspecified cancer site”,
which falls within the Level 2 “neoplasms cause”.

4. Level 4 includes all garbage codes for underlying causes of death that can be redistributed within a
Level 3 cause. This includes garbage codes such as “unspecified stroke” or “unspecified road injuries.”

Section 2.5: Step 3 — Age-sex splitting

Different sources, particularly VA studies, report deaths for a wide range of age groups with varying
intervals. For the analysis of causes of death, we mapped these different age intervals to the GBD
standard set of age groups. The approach to undertake this mapping was the same as in the prior GBD
studies (GBD 2016, GBD 2015, GBD 2013, and GBD 2010).

In the process of assembling a consolidated demographic database, perhaps the most impactful source
of inconsistency is the aggregation of age groups. It is conventional to report such data in broad age
groupings such as “0-4”, “5-14”, and “15-49,” or to report data with both sexes together. The issue of
comparability between age-sex groups arose when assembling the GBD CoD database. The compiled
database included 22 distinct tabulation formats for infants and 141 distinct tabulation formats for
non-infants. We developed a tool, which we call age-sex splitting, that takes aggregated age groupings,
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and likewise the “both sexes combined” grouping, and divides them into what their constituent age
groups would likely have been using respective cause-specific and country-specific age distributions.
The analytical framework for GBD includes three infant age categories: Early neonatal (0-6 days), late
neonatal (7-27 days), and post-neonatal (28 days to 1 year), and 17 non-infant age categories starting
with age 1-4 years, then proceeds in five-year age groups until the terminal age group of 95+. We treat
unknown ages and sexes in the same manner we treated the “all ages combined” age category and
“both sexes combined” sex group. Through this process, we were able to directly compare all data
sources on even terms.

The approach to age splitting is based on the following formula. The key assumption underlying this
formula is that the relative risk of death by age group compared to a reference age group is invariant
across populations. While this assumption is likely violated in specific cases, there is a strong biologically
based pattern of the relative risk of death for a cause by age that is observed for most causes. The basic
formulais as follows:

g+x
D, =R N (——
a = Rala(Gaw gy )

Where:
D,=the number of deaths from a cause in age group a
R,=the relative risk of death in age group a compared to a reference group
N, = the country-year-sex-specific population in age group a
D% *=the number of deaths in the age group a to a+x

With the assumption of invariant relative risks of death by age with respect to a reference age group,
this equation can be used, along with population distribution by age, to split an aggregate number of
deaths for the age groups a to a+x into specific deaths for each age group within the aggregate
interval.

In some cases, deaths are reported for an aggregate age group for both sexes combined. The task in this
case is more complicated, but the same principle can be applied. In this case we assumed that the
relative risks of death by age and sex are constant.

a+x,s

D..=R..N (L)
o asas Zg+x(RasNas)

Where:
D ,s=the number of deaths from a cause in age group a, sex s
R = the relative risk of death in age group a compared to a reference group for sex s

N = the country-year-sex-specific population in age group a for sex s
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D%t*%5= the number of deaths in the age group a to a+x for sex s

This equation can be used to split data aggregated over age and sex. The assumption, however, of
invariant relative risks across age and sex is a stronger assumption. Fortunately, data pooled across
sexes are less common in the published or unpublished CoD data.

The relative risk of death in a particular age group for a given sex is derived from the global
distribution of cause-specific mortality rates found in available VR data. Location-years from the
following code systems are used, provided they report the requisite age- and sex-detail: ICD7, ICDS,
ICD9 BTL, ICD10 tabulated, ICD9, and ICD10. Upon compiling these data, we mapped them to GBD
causes, and aggregated up to cause Level 3. This is the level at which a particular cause is split — that is,
any daughter cause of a Level 3 parent is split using the age distribution of that parent (so, chronic
kidney disease due to diabetes would be split using the age pattern of chronic kidney disease).

We next adjusted separately for estimated adult and child VR completeness. Location- year-age-sex-
specific deaths and population were then aggregated across all location-years, in order to produce
cause-specific mortality rates by age and sex. These were used to determine the risk of death at any age
relative to any reference age group.

Section 2.5.1: Correct age-sex violations

Occasionally, data sources will include deaths by a cause for which there is medical consensus that death
is impossible for the sex and age. For example, there may be some number of deaths due to cervical
cancer in males, or deaths due to maternal causes in ages under 10. We have constructed a conservative
list of age-sex restrictions. When deaths violate these restrictions, we redistribute them proportionally
onto all causes. All restrictions are included in Appendix Table 5, Restrictions on age and sex by cause for
GBD 2017.

Section 2.6: Step 4-- Correction for miscoding of Alzheimer’s and other dementias,
Parkinson’s disease, and atrial fibrillation and flutter

Section 2.6.1: Objective

For certain causes of death, mortality rates reported in vital registration systems are impossible to
reconcile with observed trends in disease prevalence and excess mortality. For dementia, Parkinson’s
disease, and atrial fibrillation and flutter, these disparities can largely be attributed to death certification
practices. We sought to address the known bias in cause of death data by first identifying the proportion
of all deaths that should be assigned to these causes, and then determining the GBD causes and garbage
groups to which these deaths are being incorrectly assigned.

In past GBD iterations, we estimated Alzheimer’s disease and other dementias, Parkinson’s disease, and
atrial fibrillation and flutter on the basis of longitudinal prevalence and excess-mortality data in order to
help account for changing patterns in death certification and corresponding implausible time trends in
many VR sources. This method was first implemented for Alzheimer’s disease and other dementias in
GBD 2013. We added atrial fibrillation and flutter and Parkinson’s disease to the causes modelled using
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this strategy in GBD 2015 and GBD 2016, respectively. All of these causes were processed in CoDCorrect
in a manner that was agnostic to the likely targets of misclassification, which inappropriately led to
changes in mortality estimates for causes unrelated to these three in GBD 2015. For GBD 2016, we
improved this process by completing a literature review to identify the causes of death most closely
associated with Parkinson’s and Alzheimer’s diseases>® and limiting the CoDCorrect adjustments to only
include those causes. For GBD 2017, we have refined this approach further by using multiple CoD data
to determine the GBD causes and garbage codes from which we move deaths, as well as the pattern of
misclassification.

Section 2.6.2: Correction Process

We first estimated excess mortality from prevalence and CoD data in countries with the highest ratio of
cause-specific mortality to prevalence, which represents the greatest willingness to code to an under-
coded cause. Then, we derived estimates of cause-specific mortality rates from available prevalence
surveys as well as the estimates of excess mortality rate, applied across all countries and over time,
using DisMod-MR 2.1. We divide this value by the all-cause mortality rate to determine the fraction of
overall mortality to attribute to each under-coded cause.

To ascertain the causes from which we would move deaths to under-coded causes, we leveraged
multiple CoD data from the United States — by looking to the combinations of intermediate and
immediate causes (i.e., chain causes) present on death certificates with an under-coded cause listed as
underlying, and identifying other causes with similar or identical chain causes, we can determine the
expected pattern of miscoded deaths.

The first stage in this process is to parse out years we believe coding practices in the United States to be
relatively stable. For dementia, this “gold standard” dataset features 2010-2015, for Parkinson’s 2005-
2015, and for atrial fibrillation and flutter 2014-2015. We then collect all deaths in those years with the
under-coded cause listed as underlying and remove any mention of the under-coded cause from the
death certificate. Next, for each unique chain, we search the entire time series of data (1980-2015) to
identify the distribution of underlying causes that share that chain. The premise here is that if the
diagnosis of dementia, Parkinson’s, or atrial fibrillation and flutter were missed, the other causes listed
on the death certificate would have been the basis for certification. We then reallocate the under-coded
deaths by chain based on that alternative underlying cause distribution.

Upon iterating through all unique chains, we are left with a dataset excluding under-coded causes of
death, each remaining cause able to be subdivided into correctly coded deaths and deaths that have
been recoded from an under-coded cause by the aforementioned process (though not all causes will
necessarily be targeted by the recoding algorithm). The quantity of interest is the ratio of miscoded
deaths to total deaths by cause, age, and sex in our counterfactual dataset.

We apply the ratios derived from the multiple cause data to all VR data to determine the local pattern of
miscoding. In this way, the method is sensitive to the observed epidemiology of a given place and time.
Then, we calculate the deficit in under-coded cause mortality for each location, year, age, and sex by
taking the difference in the expected cause fraction based on prevalence and excess mortality compared
to the proportion of deaths actually certified by the VR system. Lastly, we scale the cause-specific
miscoded deaths to match the deficit and then move them accordingly. We assumed that
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misclassification of actual dementia and Parkinson’s deaths in past years only occurred for reported
causes of death that might have plausibly been the direct result of dementia or resulted from
misdiagnosis of other organic brain diseases, based on clinical expert judgement. A similar assumption is
used for atrial fibrillation and flutter, for which only cardiovascular causes and ill-defined garbage are
considered.

Because the deaths being reallocated vary by location-year, we need a mechanism to ensure plausible
limits to how many deaths are extracted from each GBD cause and garbage code. To achieve this, we
first run the above-mentioned algorithm on all 5-star VR data (see Section 2.16 of this appendix for an
explanation of the star data quality rating system). Then, we determine the 95 percentile of the
proportion of deaths moved for each GBD cause and garbage group by age and sex across location-years
among these data. Those values are subsequently stored and applied as the limits for deaths moved by
this process.

Section 2.7: Step 5 - Redistribution

A crucial aspect of enhancing the comparability of data for CoD is to deal with uninformative, so-called
garbage codes. Garbage codes are codes to which deaths were assigned that cannot or should not be
considered as the underlying CoD, for example: “heart failure”, “ill-defined cancer site”, “senility”, “ill-
defined external causes of injuries”, and “septicaemia”. The methods for redistributing these garbage-
coded deaths were outlined in detail in Naghavi et al®, and the underlying algorithm for redistributing

deaths assigned to these codes has not changed since GBD 2013.
Step 5.1: Redistribute HIV-related garbage codes

Due to the disparate nature of HIV/AIDS mortality across space and time, dynamic redistribution of
HIV/AIDS-related garbage codes was needed (Appendix Table 6). To inform this redistribution, we
generated target proportions for each garbage group by age band (Under 1 month, 1-59 months, 5-19
years, 20-49 years, 50-59 years, 60-69 years, 70-79 years, and 80+ years), five-year time interval, and
sex. The garbage groups either target HIV or a remainder target. The allotment of deaths to either of
these is based on the regional increase in the mortality rate of all codes in the group relative to the
rates seen in 1980-1984 — an increase greater than 5% is assumed to be HIV/AIDS-related, and the
proportion of those deaths exceeding 5% are redistributed to HIV/AIDS. Any increase < 5% is then
assigned to the remainder target.

Step 5.2: Regress garbage codes versus non-garbage codes

Asin GBD 2015, the statistical analysis used to determine proportions for garbage code redistribution
forill-defined cancer sites, ill-defined external causes of injury, unspecified stroke, heart failure,
hypertension, and atherosclerosis was based on the approach outlined by Ahern et al.1° For each
redistribution package, we defined the “universe” of data as all deaths coded to either the package’s
garbage codes or the package’s redistribution targets for each country, year, age, and sex. We then ran
a regression based on the following equation, separately for each target group and sex:

TGere = a+ B1Garg + frAgecr:Garg: + 0.Garcys + ¥y + &t
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Where:

TG+ = percentage of deaths within the given garbage code’s universe which were coded to a
given target group, by country

Gar,,+ = percentage of deaths within the given garbage code’s universe which were coded to a
given set of garbage codes

a = constant
B1 = slope coefficient describing the association between Gar,,; and TG+
B, = slope coefficient describing the association between the interaction Age.,+Gare+ and G

¥, = region-specific random intercept (or super-region if the random effect on region is not
significant)

0, = region-specific random slope (or super-region if the random effect on region is not
significant)

&q¢ = standard error, normally distributed and calculated by bootstrapping

This regression was adjusted from GBD 2013 to include fixed effects on the interaction of garbage and
age to ensure smooth age patterns. We made this decision after investigating diagnostic visualisations
that showed unlikely gaps between proportions assigned to different age groups.

Once proportions were produced for each country, sex, age, and target group, certain adjustments were
made to conform our packages to the best medical evidence available. In some cases, we implemented
restrictions on the proportions that the regressions could yield. For example, we did not allow any
redistribution onto “Chagas disease” outside of Latin America and the Caribbean, or “suicide” under the
age of 15. In other cases, we capped the proportion for some targets to the level that would be
produced from proportional redistribution; for example, “haemoglobinopathy” and “haemolytic
anaemia” were restricted to the level of proportional redistribution in the redistribution of “left heart
failure”. Occasionally, further adjustments were made on a case-by-case basis per country, age, sex, and
target group to suppress the impact of outliers based on existing epidemiological evidence and expert
judgment.

Development of an algorithm for redistribution of garbage codes based on multiple CoD data

Multiple CoD data are a form of individual record causes of death data which include an underlying CoD
along with other causes in the death chain, including intermediate and immediate causes. By analysing
this type of data, we can sometimes find the true underlying CoD in other CoD data where the
underlying cause is a garbage code or a misassigned CoD.

For GBD 2017, this approach was implemented in redistribution for a few select causes. One example of
this approach is seen in the correction of the misassignment of deaths due to drug overdoses to
unintentional poisoning. More than 90% of these types of poisonings are due to exposure to narcotics,
psychodysleptics, and other drugs, specified or unspecified. More than 97% of these poisonings by
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substance or drug occurred in ages 15-65. It is clear that these are not cases of accidental ingestion of
substances, but rather that the substance has been deliberately ingested, with unintentional poisoning

occurring.

Using multiple CoD records for the United States, Mexico, Brazil, and Australia from 1980 to 2014, we

selected all deaths with underlying causes coded to X40-X44 and X49. Table A below shows the

combination of other potential causes that can be found in the multiple CoD data for these underlying
causes. Based on this table, we proportionally redistributed misassigned unintentional poisoning deaths
to one of these causes. The main assumption behind this algorithm is the dominancy of the fatality of
some substances when considering a combination of drugs. Given the combination of different drugs
and substances in these codes, opium is the main cause of fatality.!*? Other substances, like cocaine,

methamphetamine, and alcohol in combination with cannabis are less likely to be dominant in fatality.

13

Table A. Algorithm for the selection and assignment of a substance or drug use CoD for deaths

coded to an underlying cause of unintentional poisoning using multiple CoD data

Selection Algorithm

Psychoacti
Opioids | Cannabis Cocaine Amphetamines | alcohol SYEN0ac ?Ve and
psychedelic drug
Opioids Opioids | Opioids Opioids Opioids Opioids Opioids
Psychoacti
Cannabis Opioids | Cannabis Cocaine Amphetamines | alcohol SYEN0ac ?Ve and
psychedelic drug
Cocaine Opioids | Cocaine Cocaine Amphe_tamlnes Cocaine + Cocaine
+ Cocaine alcohol
Amphetami Opioids Amphetamin Amphetgmme A Amphetamines Amphetamines
nes es s + Cocaine + alcohol
alcohol Opioids | alcohol Cocaine + Amphetamines alcohol Psychoact?ve and
alcohol + alcohol psychedelic drug
Psychoactiv Psychoactive Psychoactive
e and L and . _ and Psychoactive and
Opioid C Amphet
psychedelic ploias psychedelic ocaine mphetamines psychedelic psychedelic drug
drug drug drug

For example, if the multiple CoD data show that 40% of deaths include opioid use disorders as an
intermediate cause where the underlying cause is X40-X44, X49, the redistribution proportion for
opioid use disorders will be exactly 40% due to the dominance of the fatality of opioid use disorders

compared to other drugs in the above table. Similarly, because cannabis is not assumed to have
dominance of fatality compared to any of the above drug use disorders, the proportion of X40-X44, X49
redistributed to cannabis use disorders was the percentage of deaths in the multiple CoD data that had
only cannabis use disorders as an intermediate cause and none of the other above causes. If 40% of
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deaths had cannabis use disorders listed in the intermediate cause list, but those 40% also had one or
more of opioids, cocaine, amphetamines, alcohol, or psychoactive and psychedelic drugs, the
redistribution proportion to cannabis use disorders would be 0%.

Multiple CoD data were only available to us for the United States, Brazil, Mexico, and Australia. Because
of this limited sample, we applied the result from multiple CoD analysis from the United States to the
United States and Canada, from Brazil and Mexico to Latin America and the Caribbean, and from
Australia to Australia, New Zealand, and Western Europe. For other locations, we aggregated the results
from the four countries and applied the aggregate pattern. We hope for increased availability of
multiple causes of death data in future analyses in order to achieve a more precise distribution for more
locations.

Step 5.3: VA anemia adjustment

To compensate for the over-representative cause fractions from anemia found in VA studies, we
redistributed these deaths based on the causal attribution of severe anemia from the GBD 2013 study.
The proportions were country-year-age-sex specific.

Step 5.4 Calculate redistribution uncertainty

We categorized garbage codes into four levels in order of increasing specificity (see Section 2.4 of this
appendix). Some garbage codes are redistributed on all causes (e.g. unspecified causes of death) and
others are only redistributed onto specific causes (e.g. unspecified cancer). Major garbage refers to
garbage codes in levels one or two. Due to the variation in redistribution, estimating uncertainty due to
garbage redistribution for CODEm modeling was an important goal for GBD 2017.

We assigned redistribution variance to each data point in the CoD database by calculating residual
variance from a regression predicting the percent of garbage coded deaths redistributed to a cause,
given the proportion of garbage we observed for that location, year, age, sex, cause and the age
standardized relative rate of major garbage across all causes. If there is a cause that has greater residual
variance, we assume greater redistribution uncertainty.

The two model inputs are the observed percent level 1, 2, 3 garbage (by cause, age, sex, location, and
year) in redistributed CoD data and the percent garbage in the raw data (calculated as the age
standardized mortality rate ratio of major garbage deaths to all deaths in the raw data by location, year,
sex). Level four garbage was excluded from the model to avoid over estimating uncertainty in low major
garbage countries. Additionally, the classification of level 4 garbage codes is not stable between
successive GBD rounds — for example, “unspecified diabetes” was not a garbage code in GBD2016, and
in GBD2017 was re-classified as a level 4 garbage code to permit estimation of diabetes by type. These
deaths are still taken into account later in the uncertainty estimation process. The model predicts the
percent of garbage coded deaths redistributed to a cause, given the proportion of garbage we observed
for that location, year, age, sex, cause and the age standardized relative rate of major garbage across all
causes. From this model we calculate residual variance. It is important to note that the variance here is
a measurement of uncertainty of redistribution, not of the level of miscoding in the raw cause of death
data for a given demographic.
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In order to calculate variance, a dataset was generated containing percent garbage by location, year,
age, sex and cause, where percent garbage is:

deathsredistributed - deathsraw

PClgarbage =
deathsredistributed

A mixed-effect linear regression model was then fit to predict the logit percent of deaths from
redistribution by age-standardized relative rate of major garbage.

logit (pCtgarbageij)
= Bo + B1 *10g (ASRmajorgarbage,;) + B2 * 15yearagey; + vy,
* log (ASRmajorgarbageij) +uj + e, 0~N(0,0%)
Where:
iindexes dataset-location-year-age-sex-cause data points nested within j groups by GBD region
ASR major garbage: age standardized relative rate of major garbage
Residual variance, as estimated by the MAD, was calculated for each cause, sex, and age.

The next step was to use the residual variance to calculate uncertainty around each data point in the
CoD database. First, we calculated the percent garbage of each data point, treating all deaths that could
not be directly mapped to a GBD cause as garbage, including level four garbage. Percent garbage was
calculated as:

deathsyegistributea — 4€AthScorrected

PClgarbage =
deathscorrected

Where:
death corrected: deaths post misdiagnosis correction (Appendix Section 2.6)

deaths redistributed: deaths post redistribution (Appendix Section 2.7)

Residual variance was matched to each data point and one hundred draws were sampled from a normal
distribution using the cause, age, sex, specific residual variance and mean of zero. The logit transformed
percent garbage was added to each value in the distribution. Each draw was then transformed out of
logit space and the post-redistribution deaths were calculated as:

deaths
deaths = corrected

1 — pct_garbage

Draws of deaths were processed through noise reduction before calculating the final redistribution
variance passed to CODEm, which was added to the total data variance. The mean of the draws was not
used as the final estimate, because it was found that the logit transformation biases the distribution of
cause fractions higher than if only point estimates are used.
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Section 2.8: Step 6 - HIV/AIDS misclassification correction

In many location-years, certain causes of death known to be comorbid with HIV/AIDS (eg, tuberculosis,
other infectious diseases) are seen to have age patterns that diverge from those observed in location-
years without widespread HIV epidemics and are in fact more reflective of HIV mortality trends. In order
to identify these instances, a global relative age pattern is generated using all VR deaths in countries
with observed HIV prevalence less than 1% using the following:

Rasc

RR ;. = —
ase x(R655Cl R7OSC' R755C)

Where RR . is the relative death rate for age group a, sex s, and cause c; R, is the rate for that age
group; and X(Rgssc) R7osc) R7ssc) is the mean of the rates in ages 6569, 60-74, and 75-79 for that sex
and cause. This is preferable to comparing mortality rates because we are able to isolate divergence in
age pattern while accounting for varying levels of overall mortality by fixing death rates to age groups
that are unlikely to be confounded by the presence of HIV. Expected deaths for an identified cause were
then determined to be:

EDlyasc = J?(Rly655c’ Rly705c’ Rly7556) X Piasc X RRasc

Where ED;4,. are deaths for location /, year y, age group a, sex s, and cause ¢; X(Rgss¢) Ri70s¢) Ri75s¢) 1S
the mean of the rates for ages 65-69, 60—74, and 75-79 for that location-year-sex-cause; p;qsc is the
population for that location-year-age-sex-cause; and RR ;. is the global standard relative rate
determined in the previous step for that age-sex-cause. The expected deaths remain attributed to that
particular cause, while the difference between observed and expected are reallocated to HIV/AIDS.

Section 2.9: Step 7 - Scale strata to province

Over time, a higher proportion of deaths have been registered in China through the expansion of the
DSP system and provincial/county efforts to increase CoD registration. With the expansion of
coverage, it is possible that province aggregates do not accurately represent the population
distribution between urban and rural areas in each year. For this reason, we stratified the data
preparation by urban and rural status for each county within each province. Stratification was based
on the median level of urbanisation across counties within each province as recorded in the 2010 China
census. In the provinces of Tibet and Hainan, all counties were placed into one strata based on largely
homogeneous urbanisation levels within each province. This yielded a total of 62 analytical province-
strata. Macao and Hong Kong were not included in this stratification system as the VR systems there
are independent from that on the mainland; no weighting scheme needs to be carried out in these
complete VR systems with quality data on causes of death.

Within each province-strata, a larger proportion of deaths in-hospital might be reported than that of
deaths outside of hospital because of the internet hospital reporting system. To avoid bias, we
reweighted in-hospital and out-of-hospital deaths based on the age-sex-province-specific fraction of
deaths in and out of hospital in the DSP system. DSP data have been used to establish these
percentages because, in these communities, there is a concerted effort to identify all out-of-hospital
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deaths. Province-strata death rates are combined to produce overall province death rates by weighting
each strata by population in each age-sex-year group. Province death rates are rescaled so that all-
cause mortality equals the estimated death rate in each age-sex-year estimated in the life-table
analysis. The Bayesian noise reduction algorithm was used to deal with zero counts and small number
issues for rare causes.'*

Section 2.10: Step 8 - Restrictions post-redistribution

Some causes of death can only be reliably assigned through an autopsy by a trained physician. For
example, it is unlikely that a VA would reliably distinguish between ischaemic and haemorrhagic stroke.

This step ensures that the detail of the cause list at this point in the data prep process is reasonable
given the detail of the original data source and the methods by which the CoD was assigned. Two
primary corrections are applied. First, any cause which is purely an artifact of the redistribution
machinery targeting too detailed a cause is aggregated up to the parent cause. Second, a “bridge map”
is applied over a certain set of sources to ensure that these sources do not contain causes which could
not reliably be determined by the methodology. These two corrections are applied to ICD9-BTL, ICD10-
tabulated, USSR tabulated ICD9, India MCCD reports, China-DSP-tabulated-ICD9, India SCD reports, India
SRS, and all VA sources.

section 2.11: Step 9 - Drop VR country years or mark as non-representative

Lozano and colleagues® describe the negative impact that low-completeness VR data could have on
CoD modelling for GBD 2010. In particular, in settings where a data source does not capture all deaths
in a population, the cause composition of deaths captured might be different from those that are not.
However, a completeness sensitivity test found that low- completeness VR data had little impact on
the cause-specific mortality trends at the global level.

For GBD 2017, we investigated the impact of these data at the country and subnational levels using the
more thorough diagnostic visualisations available to us. It was determined that these data produced
unlikely trends in the models affected. Despite the minimal impact on global trends, better models were
produced by eliminating or marking as non-representative data with extremely low completeness. VR
completeness was estimated as the number of deaths registered divided by the number of deaths
estimated in the GBD mortality envelope.

For this round, VR location-years with completeness below 50% were dropped, while location-years
with completeness between 50% and 69% were marked as non-representative.

In addition, any country-year with a number of deaths registered to major garbage codes greater than
50% of the deaths registered was dropped.

Section 2.12: Step 10 - Cause aggregation

The cause list is organised in a top-down hierarchical format containing four levels. The first group, or
Level 1, sums all causes. Following all cause-mortality are Level 2 causes, which include three broad

”, u

groupings of causes of deaths: “communicable, maternal, neonatal, and nutritional diseases”; “non-
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communicable diseases”; and “injuries”. Within those Level 2 groupings are finer levels used for
modelling. Level 3, or parent causes, are aggregated; the mortality estimate for a parent cause in the
hierarchy represents the sum of the causes under that rubric. Sub-causes within Level 3 causes — Level
4 —are more detailed. For example, the parent cause “intestinal infectious diseases” contains the three
sub-causes: “typhoid fever”, “paratyphoid fever”, and “other intestinal infectious diseases”. Included in
the parent cause estimate are deaths mapped directly to the parent and any Level 4 sub-causes. In data
where there was not enough information to assign a Level 4 cause, we aggregated to the Level 3 parent
cause. Exceptions to aggregating the Level 4 sub-causes to the parent are instances when certain sub-
causes are not present. The United Nations Crime Trends police data only identify homicides, and

aggregating homicides to injuries would not accurately represent all injuries.
Section 2.13: Step 11 — Remove shocks and HIV/AIDS maternal adjustments

For GBD 2017, CODEm models use an HIV/AIDS- and shock-free envelope. In order to be comparable,
cause fractions must also be HIV/AIDS- and shock-free. Cause fractions were uploaded to the CoD
database as the number of deaths due to the cause over an adjusted sample in which the number of
deaths due to “HIV/AIDS”, “conflict and terrorism”, “executions and police conflict”, and “exposure to
forces of nature” were removed.

Step 11.1 Remove HIV/AIDS, shocks from denominator where cause list includes HIV/AIDS

The first step to generate HIV- and shock-free cause fractions was to remove any deaths from the
sample which were directly coded to “HIV/AIDS”, “collective violence and legal intervention”, or
“exposure to forces of nature”. The resulting equation for a cause fraction uploaded to the database is
simple:

D Ltax,c

CFl,t,a,x,c =

Dl,t,a,x - Dl,t,a,x,hiv - Dl,t,a,x,war - Dl,t,a,x,disaster
Where:
CFy ¢ o xc is the cause fraction for a location (I), year (t), age (a), sex (x), and cause (c)
Dy ¢ a,x,c is the number of deaths observed in the sample for the same
Dy ¢ a,x is the total number of deaths observed in the sample in the location, year, age and sex

Dy ¢ axhiv: Ditaxwars @300 Dy ¢ g x disaster are the number of deaths observed in the sample for
“HIV/AIDS”, “collective violence and legal intervention”, and “exposure to forces of nature”,
respectively

Cause fractions for HIV/AIDS and shock causes were also uploaded to the database for use in separate
estimation processes described by Wang et al.'? In this case, cause fractions followed the standard
equation, with variables following the same explanation as above:
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Step 11.2 Remove HIV/AIDS deaths from maternal mortality sources

HIV-free cause fractions were also uploaded for sources on mortality due to maternal causes. In these
cases, the sample of all deaths observed in the study is likely to contain some amount of deaths due to
HIV/AIDS and shocks, but the sample only includes cause information on maternal deaths. To account
for the presence of HIV/AIDS and shocks in the entire sample, we assumed the same proportion of
total deaths due to HIV/AIDS by location, age, sex, and year as provided from the estimation of
HIV/AIDS and all-cause mortality described by Wang et al.?

Maternal mortality studies were only corrected for HIV/AIDS if the sample of total deaths was
provided in the data source. Where sources only provided the Maternal Mortality Rate (MMR), we
applied the rate to the HIV- and shock-free envelope produced by the analysis described in Wang et
al.2 and thus did not need to adjust cause fractions at this point in the process.

Where a correction was applied, we used the following equation:

_ E [Dl,t,a,x,hiv_shock_free]
CFl,t,a,x,mat - Dl,t,a,x,mat X E[D
[ l,t,a,x]

Where:

CFy t a.xmat 1S the resulting cause fraction due to maternal causes for the location (1), year (t),
age (a), sex (x);

Dy ¢ a,xmat 1S the number of observed deaths in the sample due to maternal causes
E[D, ¢t qx] is the GBD estimate of all-cause mortality in the location, year, age, and sex

E[Dyt,a,x hiv_shock_free is the GBD estimate of HIV- and shock-free mortality in the location,

year, age,and sex
Step 11.3 HIV/AIDS correction of sibling history, census, and survey data

As described in our analysis from GBD 2013, many studies have failed to find increased mortality in
HIV+ pregnant mothers, but those who have advanced HIV are known to have increased baseline
mortality. Prior to GBD 2013, we did not distinguish between deaths in HIV+ women that were caused
by pregnancy and those for which the pregnancy was incidental to their death. In order to more
explicitly quantify the contribution of pregnancy to death in HIV+ women, and therefore more
accurately estimate the maternal death count, we completed two additional analyses for GBD 2013
and all subsequent GBD analyses. First, we determined the population attributable fraction (PAF) of
HIV/AIDS to pregnancy-related death. Second, we determined the proportion of pregnancy-related
deaths in HIV-positive persons that are aggravated by pregnancy and are therefore by definition
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maternal deaths.

P(RR — 1)

PAF=— -
1+P(RR-1)

Where PAF is the population attributable fraction, P denotes the prevalence of HIV in pregnancy, and
RR is relative risk of mortality in HIV+ vs HIV- pregnant females.

To recap our analysis for GBD 2013, we used the paper published by Calvert and Ronsmans to identify
sources®® that could inform Step 1 of our HIV-correction analysis. We independently reviewed each of
the component studies in Calvert and Ronsmans’ review and extracted data directly, not from the
systematic review paper. We identified only one additional study that was not used in Calvert and
Ronsmans’ analysis. We have, however, not used all the studies included in that review. Specific details
are as follows:

1) Figueroa-Damian, et al. was excluded for not including any postpartum deaths at all. ¥’

2) In the case of Ryder, et al. and Zvandasara, et al. we excluded those deaths > 12 months after
delivery 1819

3) We excluded the results from Chilongozi, et al. from the site that did not include any HIV-negative
patients.?

4) Leroy, et al. was not in the bibliography. We could not locate it for review so it was excluded.?*

5) Kourtis, et al. was extracted with adjustment of the denominator based on the average number of
hospitalisations per delivery in each group.?

6) Ticconi, et al. was excluded for being both non- representative and including subgroup data from
mothers with malaria infection.?

A total of 21 sources were included in our analysis of the increased mortality risk of HIV+ versus HIV-
women in pregnancy.’*> We performed DerSimonian-Laird random effects meta-analysis to derive a
pooled estimate of RR of death during pregnancy given HIV positivity.?* The pooled effect size was 6-40
(95% uncertainty interval [Ul] 3:98-10-29), which was then used to calculate an HIV PAF for each
country, age group, and year. In order to determine the proportion of those HIV-related deaths that
were attributable to maternal causes, we performed a second systematic literature review. This time
we sought evidence for the excess mortality risk of pregnancy in those women who are already HIV+.
Most studies have failed to find such an effect, but most also did not stratify their study population by
stage of HIV or ART status. Only two studies did this stratification, with a pooled effect size of 1-13 (95%
Ul 0-73-1-77).

An updated literature review to inform the relative risk of mortality in pregnancy in HIV-positive versus

HIV-negative women had 14 no usable sources. We completed this search on July 20, 2017, using the
following search strings:
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( ( HIV[Title/Abstract] OR "Acquired Immunodeficiency Syndrome"[Title/Abstract] OR
AIDS[Title/Abstract] ) AND ( “pregnant”[Title/Abstract] OR “pregnancy”[Title/Abstract] OR
“postpartum”[Title/Abstract] OR "post partum"[Title/Abstract] ) AND ( “mortality”[Title/Abstract] OR
“death”[Title/Abstract] ) NOT "case report" NOT ( animals[MeSH] NOT humans[MeSH] )

AND ( 2016/08/15[PDat] : 2017/12/31[PDat] ) )

Prevalence of HIV in pregnant women was calculated using UNAIDS’ Spectrum model, a compartmental
HIV progression model used to generate age-specific incidence, prevalence, and death rates from pre-
calculated incidence curves and assumptions about intervention scale-up and local variation in
epidemiology. For each location, we used UNAIDS’ age-specific ratios of fertility in women living with HIV
to fertility in women not living with HIV. In most locations, this ratio is assumed to be greater than one in
women aged 15-24 and less than one and decreasing as age increases beyond 24. Since Spectrum
assumes fertile ages of 15—49, we used the ratio of HIV prevalence in pregnant women to HIV prevalence
in the general population at either end of that range to extend estimates to age bands 10-14 and 50-54.

Unlike GBD 2013, when we applied the PAF correction to the envelope of maternal deaths predicted by
CODEm, we instead applied country-year-age-group-specific PAF to maternal mortality input data prior
to modelling in CODEm. This ensured that both the numerator and denominator of all CF data were
internally consistent in their exclusion of background HIV/AIDS mortality. The cause fractions for
maternal deaths in sibling history, survey, and census data were therefore adjusted as follows:

CFl,t,a,x,matadj = CFl,t,a,x,mat X (1 - PTOPhivl,t_a,x)
PrOPhivl,t,a,x = PAFl,t,a,x,hivpos X (1 - rrmat)
CFl,t,a,x,mathiv = CFl,t,a,x,mat X Propmaternalhivl‘t,a,x
Propmaternalhivl_t_a_x = PAFl,t,a,x,hivpos X TTmat
Where:

CFy ¢ a.xmat = The proportion of deaths due to all maternal causes before HIV/AIDS correction
for the location, year, age, and sex.

CFl,t,a,x,matad]; The proportion of deaths due to maternal causes after the adjustment for the

location, year, age, and sex.

CFyt,a,x,maty;, = The proportion of deaths due to maternal deaths aggravated by HIV/AIDS
after the adjustment for the location, year, age, and sex.

PAF; ¢ 4 x hivpos = The population-attributable fraction (PAF) that describes the percentage of
all maternal deaths that were HIV-related for the location (l), year (t), age (a), and sex
(x=Female))

ProPy;y,, .. = The proportion of deaths in pregnancy for the location, year, age, and sex that
are estimated to be incidental deaths due to HIV/AIDS, and therefore not a maternal CoD.
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ProPmaternainivy; o, =1he proportion of deaths in pregnancy for the location, year, age, and

sex that are estimated to be HIV-positive and maternal deaths which are aggravated by
HIV/AIDS.

TTmat = -13/1.13 = The proportion of HIV/AIDS deaths during pregnancy that were
exacerbated by the pregnancy.

Step 11.4 HIV/AIDS correction of other maternal mortality data

Although there are a specific subset of codes in ICD10 that correspond to HIV/AIDS deaths aggravated
by pregnancy, these codes are sparsely used and unreliable. We therefore adapted the method above
to also correct VR and VA sources for the systematic exclusion of HIV-related maternal deaths. This
correction was calculated in the same manner, using the same input data as above, with the only
difference that HIV correction of VR and VA sources resulted in a net increase in maternal CF. Maternal
deaths aggravated by HIV/AIDS are calculated as the following (where all symbols are the same as
described above):

CFl,t,a,x,mathi,, = CFl,t,a,x,mat X Propmaternalhivl,t,a,x

PAFl,t,a,x,hivpos X T mat

ProP, i =
maternalhiviax 1- PAFl,t,a,x,hivpos X TTmat

Section 2.14: Step 12 — Noise Reduction

To deal with problems of zero counts in VR, VA, cancer registries, or sibling histories for a given age
group in a given year, we use a Bayesian noise-reduction algorithm. For this algorithm, we assume a
normal prior and a normal data likelihood. We estimate the normal prior for a given country-series of
data by estimating a negative binomial for the fraction of deaths in each age group due to each
respective cause with dummy variables for age and year. With two notable exceptions (detailed
below), these regressions are country-specific, so borrowing strength over age is only within a data
type in a country. The variance of the prior, t2, is estimated from the negative binomial regression,
taking into account the variance-covariance matrix of the regression coefficients. For the data
variance, we use the Wilson approximation which provides an estimate of o even in cases with a zero
count of cause-specific deaths. The posterior estimate for each data point is:

M o X+ o
ean =
72 + 02 72 4+ 02 K
] 1202
Variance = -0
T“+0

Where X is the mean of the data and u is the mean of the prior. This approach to noise reduction avoids
the problem that zero counts in an In rates model or a logit cause fraction model will be dropped from
the regression and lead to upward bias in the estimates. This is particularly important in two settings:
high-income countries with small numbers of cause-specific deaths, and in the analysis of sibling history
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data where for any given age group in any given year the number of deaths reported in the survey that
are pregnancy-related or the number of deaths from all causes in that age group may be small.

Regarding the exceptions to the regression, the first is that country-years with populations under 1
million are pooled with the region data in order to prevent overdispersion and provide a stronger
signal. Additionally, VA data diverge from the above description in two ways. First, all data for a given
super-region are pooled together and a study dummy variable is added, allowing for different studies
and surveillance sites to borrow strength from one another within a super-region. Second, unless the
data are part of a time series (eg, Matlab HDSS), there is no year component to the regression.

Section 2.15: Step 13 — CoD database and outlier identification

Death rates for different causes of death generally have a stable age pattern. In large populations, these
patterns will not change very rapidly over time. We can assume a relatively stable pattern in death rates
for all causes except for some epidemic diseases and specific types of injuries. Rare causes in large
populations and prevalent causes in small populations usually have stochastic patterns. To correct for
these stochastic patterns, we implement a noise-reduction process, explained in Step 12.

In VR data, we infrequently find one or more data points for specific geography/age/sex/years that lie
very far from the stable pattern of death rates. In these situations, the model will usually ignore the
data point(s). If the model fails to ignore these data, dramatic jumps or drops can occur in the death
rates. When there is no logical explanation for variation in the death rates to this degree, we outlier the
data point(s). The selection of data points to outlier occurs after data have been prepped for modelling,
as well as during preliminary reviews of the models.

In non-VR sources, data-collection methods and data quality can vary widely from source to source.
Where data points in each age-sex-geography-year are very sparse, extreme data points can have a bad
effect on regional estimation. In these situations, we investigate the study’s methods and outlier lower-
quality data points.

Identifying outliers in the CoD data occurs prior to finalisation of models for each cause. We do not
automate the selection of outliers, but investigate the source of the offending data as well as reviewing
other data sources for the same cause, geography, and year. Ultimately, outliers are identified based on
the judgement of the modeller and senior faculty. Outlier decisions are reversible and may be revisited.

Section 2.16: Causes of death data star rating calculation

GBD estimates are most accurate when computed with a full time series of complete VR with a low
percentage of garbage codes. For GBD 2016, we developed a simple star-rating system from 0 to 5 to
give a picture of the quality of data available in a given country over the full time series used in GBD
estimates. Countries improve in the star rating as they increase availability, completeness, and detail of
their mortality data and reduce the percentage of deaths coded to ill-defined garbage codes or highly
aggregated causes (Appendix Figure 5).

To assign stars, we measure the proportion of deaths registered to a well-defined cause from 1980 to
2016. We call this proportion “percent well-certified”. We measure this proportion for each location-
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year of VR and each VA study separately, and then combine the yearly measurements into a percent
well-certified for the full time series.

For each year of VR, percent well-certified is:

pthellcertified = completeness X (1 - pCtmajgarbage)

Where:
ot _ registered deaths
compreteness = GBD mortality envelope
deaths coded to level 1 or 2 garbage or highly aggregated cause
PClmajgarbage =

registered deaths

Simplifying this equation, one can see that in this case “percent well-certified” is simply the number of
deaths that are registered to a well-defined cause (those codes which are not Level 1 or 2 garbage or
highly aggregated) divided by the GBD mortality envelope.

ICD10 and ICD9 codes assigned to Level 1 or 2 garbage can be found in Appendix Table 4.

For each VA data source, percent well-certified is:

pthellcertified = VerbalAutopsyAdjustment x (1 - pCtmajgarbage)

Where:
VerbalAutopsyAdjustment = SubAdj X RegAdj X AgeSexCoverage
And:
SubAdj:
10% for subnationally representative studies, 100% for nationally representative
studies. This adjustment, while arbitrary in its specific value, reflects the bias that can be
associated with studies that only cover a potentially non-representative sample of a
country’s population.
RegAdij:

64% for all VA data sources. This accounts for the inaccuracy of VA in assigning CoD
compared to medically verified VR. The specific multiplier 0-64 is based on the chance-
corrected concordance of Physician Certified Verbal Autopsy (PCVA) versus medical
certification by the Population Health Metrics Research Consortium.?®

Age-Sex Coverage:

The number of deaths estimated in the GBD mortality envelope for the ages and sexes
in the study for the country and year divided by the number of deaths estimated in the
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GBD mortality envelope for the country and year. Studies that only cover children under
5 or maternal mortality, for example, will be highly discounted by this multiplier.

In the case of VA, all garbage codes are considered ill-defined, as redistribution for VA is highly
imprecise. Causes such as “Injuries” or “Cancer” will also be included in major garbage percentage, as
this percentage includes use of highly aggregated causes.

Once percent well-certified is calculated for each location-year of VR and each VA study-year, we then
combine these into one measurement for each five-year time interval and the full time series 1980-
2017. For each five-year time interval, we take the maximum percent well-certified. Then for 1980—
2017, we take the average of the maximum percentages well-certified for the seven five-year time
intervals, including any five-year time interval where no data were available as a zero.

Once these values are calculated, we assign stars as follows:
5 stars: 85%—100% well-certified

4 stars: 65%—84% well-certified

3 stars: 35%—64% well-certified

2 stars: 10%—34% well-certified

1 star: >0%—9% well-certified

0 stars: No VR or VA data available from 1980-2017

While stars are calculated for each five-year time interval, as well as the full time series from 1980 to
2017, stars in the main text are presented for the full time series only.

Appendix Table 7 shows the percent well-certified, stars, data source, and underlying values for percent

well certified used for each country and time interval. Underlying indicators for the percent well-
certified calculation are listed in Appendix Table 8.

Section 3: Causes of death modeling methods

Section 3.1: CODEmM

Section 3.1.1: Overview of methods

CoD ensemble modelling (CODEm) is the framework used to model most cause-specific death rates in
the GBD.?® It relies on four key components:

First, all available data are identified and gathered to be used in the modelling process. Though the
data may vary in quality, they all contain some signal of the true epidemiological process.

Second, a diverse set of plausible models are developed to capture well-documented associations in
the estimates. Using a wide variety of individual models to create an ensemble predictive model has
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been shown to outperform techniques using only a single model both in CoD estimation?® and in
more general prediction applications.?”?

Third, the out-of-sample predictive validity is assessed for all individual models, which are then
ranked for use in the ensemble modelling stage.

Finally, differently weighted combinations of individual models are evaluated to select the ensemble
model with the highest out-of-sample predictive validity.

For some causes (see, for example, “lower respiratory infections”), there is evidence that the
relationship between covariates and death rates might differ between children and adults. Separate
models are therefore run for different age ranges, when applicable. Additionally, separate models are
developed for countries with extensive, complete, and representative VR for every cause to ensure
that uncertainty can better reflect the more complete data in these locations.

Section 3.1.2: Model pool development

Because many factors may covary with any given CoD, a range of plausible statistical models are
developed for each cause. In the CODEm framework, four families of statistical models are used:
linear mixed effects regression (LMER) models of the natural log of the cause-specific death rate,
LMER models of the logit of the cause fraction, spatiotemporal Gaussian process regression (ST-GPR)
models of the natural logarithm of the cause-specific death rate, and ST-GPR models of the logit of the
cause fraction (see the 2x2 table in Foreman et al).?® For each family of models, all plausible
relationships between covariates and the response variable are identified. Because all possible
combinations of selected covariates are considered for each family of models, multicollinearity
between covariates may produce implausible signs on coefficients or unstable coefficients. Each
combination is therefore tested for statistical significance (covariate coefficients must have a
coefficient with p-value < 0-05) and plausibility (the coefficients must have the directions expected
based on the literature). Only covariate combinations meeting these criteria are retained. This
selection process is run for both cause fractions and death rates, then ST-GPR and LMER-only models
are created for each set of covariates. For a detailed explanation of the covariate selection algorithm,
see Foreman et al 2012.%°

Section 3.1.3: Data Variance Estimation

The families of models that go through ST-GPR described in Section 3.1.2 incorporate information
about data variance. The main inputs for a Gaussian process regression (GPR) are a mean function, a
covariance function, and data variance for each data point. These inputs are described in detail in
Foreman et al 2012.2° For GBD 2017, we have updated this calculation to incorporate garbage code
redistribution uncertainty.

There are now three components of data variance used in CODEm: sampling variance, non-sampling
variance, and garbage code redistribution variance. The computation of sampling variance and non-
sampling variance have not changed since previous iterations of the GBD and are also described in
Foreman et al 2012.2° Garbage code redistribution variance is computed in the cause of death
database process described in Section 2.7 of this appendix. Since variance is additive, we calculate
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total data variance as the sum of sampling variance, non-sampling variance, and redistribution
variance. Increased data variance in GPR results in the GPR draws not following the data point as
closely.

Section 3.1.4: Testing model pool on 15% sample

The performance of all models (individual and ensemble) is evaluated using out-of-sample predictive
validity tests. Thirty percent of the data are excluded from the initial model fits. These individual
model fits are evaluated and ranked using half of the excluded data (15% of the total), then used to
construct the ensembles based on their performance. Data are held out from the analysis based on
the cause-specific missingness patterns for ages and years across locations. Out-of-sample predictive
validity testing is repeated 20 times for each model, which has been shown to produce stable
results.?® These performance tests include the root mean square error (RMSE) for the log of the cause-
specific death rate, the direction of the predicted versus actual trend in the data, and the coverage of
the predicted 95% UI.

Section 3.1.5: Ensemble development and testing

The component models are weighted based on their predictive validity rank in order to determine their
contribution to the ensemble estimate. The relative weights are determined both by the model ranks
and by a parameter ), whose value determines how quickly the weights taper off as rank decreases. The
distribution of { is described in more detail in Foreman et al 2012.2° A set of ensemble models is then
created using the weights constructed from the combinations of ranks and  values. These ensembles
are tested using the predictive validity metrics described in Section 3.1.3 on the remaining 15% of the
data, and the ensemble with the best performance in out-of-sample trend and RMSE is chosen as the
final model.

Section 3.1.6: Final Estimation

Once a weighting scheme has been chosen, 1,000 draws are created for the final ensemble, with the
number of draws contributed by each model proportional to its weight. The mean of the draws is used
as the final estimate for the CODEm process, and a 95% uncertainty interval (Ul) is created from the
0:025 and 0-975 quantiles of the draws. The validity of the Ul can be checked via its coverage of the out-
of-sample data; ideally, the 95% Ul would capture 95% of these data. Higher coverage suggests that the
Uls are too large, and lower coverage suggests overfitting.

Section 3.1.7: Selection of causes for which CODEm is used

CODEm is used to model 193 causes, described in detail below. However, it is unsuitable for use in
modelling certain causes, including those with very low death counts, those where cause-specific death
record availability is inadequate, or those for which there are marked biases or variability for CoD
certification over time that cannot be fully accounted for with the current garbage code redistribution
algorithms. Criteria for causes where CODEm is not used are discussed in further detail in Section 3.2.
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Section 3.1.8: Model-specific covariates

A table of CODEm covariates used, level of the covariate, and expected direction of the covariate by
cause, sex, age, and location can be found in Appendix Table 9. Modelers select covariates to be used in
CODEm, but those covariates may not be significant or in the direction specified during the covariate
selection step of CODEm, and will therefore not be used in the model. These covariates are listed with a
‘—’ for number of draws. Additionally, covariates may be selected by CODEm, but only exist in
submodels that perform poorly, and may end up with zero draws included in the final ensemble. Finally,
all other covariates are listed with the number of draws in the final ensemble from submodels that had
the covariate. A comparison of GBD 2016 and GBD 2017 covariates using CoD modeling is provided in
Appendix Table 10.

Section 3.1.9: Fit statistics for CODEm models

A table of CODEm predictive validity results by cause, sex, and, and location can be found in Appendix
Table 11.

Section 3.2: Causes modeled outside of CODEm

Section 3.2.1: Overview

A number of causes required alternative modelling strategies to those used for CODEm, as they were
not compatible with CODEm estimation infrastructure and processes. Such unsuitability included having
very low death counts; inadequate availability of cause-specific death records; and marked biases or
variability for CoD certification over time which could not be fully accounted for with current garbage
code redistribution algorithms. The inclusion of these causes in CODEm often renders its out-of-sample
predictive validity testing, a key advantage of using CODEm for CoD estimation, unstable, or CODEm
simply fails to generate plausible mortality rates in the absence of enough VR or VA data. Due to
increased data availability and redistribution algorithm refinements, we were able to incorporate
several new causes, which were modelled separately for GBD 2013, into CODEm for this iteration of the
GBD study; with each annual update of GBD, we aim to add more causes within the CODEm estimation
space. For GBD 2017, we used alternative modelling approaches for these causes, including negative
binomial models, natural history models, sub-cause proportion models, and prevalence-based model
(Appendix Table 12) A full list of causes in GBD 2017 can be found in Appendix Table 13.

Section 3.2.2: Negative binomial models

For eight rare causes of death, there were too few observed deaths in the CoD database to produce
stable estimates. For these causes, we ran negative binomial regression models with either a constant or
constant multiplied by the mean assumption for the dispersion parameter, using reverse step-wise
model building. We selected between the two model dispersion assumptions on the basis of best fit to
the data, using the same method as GBD 2013. For GBD 2015 we also tested zero-inflated Poisson
models for these rare causes of death, but rejected them after finding that they did not substantially
affect the mean predictions but produced unrealistically large Uls. Descriptions of the modelling process
for each of these causes follow.
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Section 3.2.3: DisMod-MR 2.1

Until GBD 2010, non-fatal estimates were based on a single data source on prevalence, incidence,
remission, or a mortality risk selected by the researcher as most relevant to a particular location and
time. For GBD 2010, we set a more ambitious goal: to evaluate all available information on a disease
that passes a minimum quality standard. That required a different analytical tool that would be able to
pool disparate information presented in varying age groupings and from data sources using different
methods. The DisMod-MR 1.0 tool used in GBD 2010 evaluated and pooled all available data, adjusted
data for systematic bias associated with methods that varied from the reference and produced
estimates by world regions with uncertainty intervals. For GBD 2013, the improved DisMod-MR 2.0 had
increased computational speed, allowing computations that were consistent between all disease
parameters at the country rather than region level. The hundred-fold increase in speed of DisMod-MR
2.0 was partly due to a more efficient rewrite of the code in C++ but also by changing to a model
specification using log rates rather than a negative binomial model used in DisMod-MR 1.0. In cross-
validation tests, the log rates specification worked as well or better than the negative binomial
specification.?® For GBD 2015, the computational engine (DisMod-MR 2.1) remained substantively
unchanged but we re-wrote the “wrapper” code that organised the flow of data and settings at each
level of the analytical cascade. The sequence of estimation occurred at five levels: global, super-region,
region, country, and, where applicable, subnational locations (see flow diagram of DisMod-MR 2.1
cascade, below). The super-region priors were generated at the global level with mixed-effects, non-
linear regression using all available data; the super-region fit, in turn, informed the region fit, and so on
down the cascade. The wrapper gave analysts the choice to branch the cascade in terms of time and sex
at different levels depending on data density. The default used in most models was to branch by sex
after the global fit but to retain all years of data until the lowest level in the cascade. For GBD 2015, we
generated fits for the years 1990, 1995, 2000, 2005, 2010, and 2015.

In updating the “wrapper,” we consolidated the code base into a single language, Python, to make the
code more transparent and efficient and to better deal with subnational estimation. The computational
engine is limited to three levels of random effects; we differentiated estimates at the super-region,
region, and country levels. In GBD 2013, the subnational units of China, Mexico, and the UK were
treated as “countries” such that a random effect was estimated for every location with contributing
data. However, the lack of a hierarchy between country and subnational units meant that the fit to
country data contributed as much to the estimation of a subnational unit as the fits for all other
countries in the region. We found inconsistency between the country fit and the aggregation of
subnational estimates when the country’s epidemiology varied from the average of the region. Adding
an additional level of random effects required a prohibitively comprehensive rewrite of the underlying
DisMod-MR engine. Instead, we added a fifth layer to the cascade, with subnational estimation
informed by the country fit and country covariates, plus an adjustment based on the average of the
residuals between the subnational unit’s available data and its prior. This mimicked the impact of a
random effect on estimates between subnationals.
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For GBD 2015 we improved how country covariates differentiate non-fatal estimates for diseases with
sparse data. The coefficients for country covariates were re-estimated at each level of the cascade. For a
given location, country coefficients were calculated using both data and prior information available for
that location. In the absence of data, the coefficient of its parent location was chosen in order to utilise
the predictive power of our covariates in data sparse situations.

For GBD 2017, the DisMod-MR 2.1 tool was used. Updates included estimation of new age groups
through the GBD 2017 terminal age group of 95+, in addition to the new locations added for the GBD
2017 cycle. Please see Appendix Figure 7 for details of the GBD 2017 DisMod-MR 2.1 analytical cascade.

DisMod-MR 2.1 likelihood estimation

Analysts have the choice of using a Gaussian, log-Guassian, Laplace, or log-Laplace likelihood function in
DisMod-MR 2.1. The default log-Gaussian equation for the data likelihood is:

log(aj + nj) — log(mj + 77]-) 2

1
—log [p(yj|d>)] = log(x/%) + log(dj + sj) + E(
Where:
yj is a “measurement value” (ie, data point)

@ denotes all model random variables

njis the offset value, eta, for a particular “integrand” (prevalence, incidence, remission, excess
mortality rate, with-condition mortality rate, cause-specific mortality rate, relative risk, or
standardised mortality ratio)

a; is the adjusted measurement for data point j, defined by:
aj = ey,
Where:

u; is the total “area effect” (ie, the sum of the random effects at three levels of the cascade:
super-region, region, and country)

¢j is the total covariate effect (ie, the mean combined fixed effects for sex, study-level, and
country-level covariates), defined by:

K[I1()H]-1

G = Z Biijy i
k=0

with standard deviation

43



LII(H]-1
Sj = 2 Sl
1=0
Where:
k denotes the mean value of each data point in relation to a covariate (also called x-covariate)
I(j) denotes a data point for a particular integrand, j
Bi(j),k is the multiplier of the k'™ x-covariate for the i*" integrand
)?k_j is the covariate value corresponding to the data point j for covariate k

[ denotes the standard deviation of each data point in relation to a covariate (also called z-
covariate)

{1¢jy,k is the multiplier of the [th z-covariate for the i*" integrand
§; is the standard deviation for adjusted measurement j, defined by:
8; = log[y; + e(_“f_cf)nj +¢j] — log[y; + e(_”f_ci)nj]

Where mj denotes the model for the j™ measurement, not counting effects or measurement noise and
defined by:

m; = m f:(%) I;(a) da
Where:
A(j) is the lower bound of the age range for a data point j
B(j) is the upper bound of the age range for a data point j

I(j) denotes the function of age corresponding to the integrand for data point j

The source code for DisMod-MR 2.1 as well as the wrapper code are available at
http://ihmeuw.org/dismod-ode.

Section 3.2.4: Natural history models

For some causes where CoD data may be systematically biased due to either misclassification or because
the disease exists in focal communities without VR or VA studies, we have developed natural history
models. In natural history models incidence and case-fatality rates are modelled separately and then
combined to produce estimates of cause-specific mortality.
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Section 3.2.5: Prevalence-based models

The modelling strategies for atrial fibrillation and flutter are distinct from those used for other causes
modelled as natural history models. These models use prevalence estimates and excess mortality rates
(EMR) generated through DisMod-MR 2.1, rather than incidence and case-fatality rates.

Section 3.2.6: Sub-cause proportion models

For certain sub-causes for which accurate diagnoses are known to be very difficult, we first modelled the
parent cause in the GBD hierarchy with CODEm and then allocated deaths to specific causes using
proportions of the parent cause for each age-sex-location-year for each sub-cause. For these causes, we
identified no significant predictors in negative binomial regressions. This approach was taken because
the available data on these specific causes may come from sources other than VR, such as end-stage
renal disease registries, or come from too few places to model the death rates directly. Details for each
cluster of causes analysed in this way are below.
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Section 3.3: CoD modeling descriptions
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Case definition

Infection with the human immunodeficiency virus (HIV) causes influenza-like symptoms during the acute
period following infection and can lead to acquired immunodeficiency syndrome (AIDS) if untreated. HIV
attacks the immune system of its host, leaving infected individuals more susceptible to opportunistic
infections like tuberculosis. Although there are two different subtypes of HIV, HIV-1 and HIV-2, no
distinction is made in our estimation process or presentation of results. For HIV, ICD 10 codes are B20-
B24, C46-C469, D84.9; ICD 9 codes are 042-044, 112-118 (after 1980), 130 (after 1980), 136.3-136.8
(after 1980), 176.0-176.9 (after 1980), 279 (after 1980); and ICD9 BTL codes are B184-B185.

Input data

Household seroprevalence surveys
Geographically representative HIV seroprevalence survey results were used as inputs to the model for
countries with generalised HIV epidemics where available.

GBD demographic inputs
Location-specific population, fertility, and HIV-free survival rates from GBD 2017 and migration data
from UNAIDS were used as inputs in modelling all locations.

UNAIDS data

The files compiled by UNAIDS for their HIV/AIDS estimation process were our main source of data for
producing estimates of HIV burden. These files are typically country-specific and contain both
demographic data (population, fertility, migration, and HIV-free survival rates) and HIV-specific
information. In all cases except migration, we substituted in our own, internally consistent demographic
estimates. The HIV-specific information includes what is needed to run both the Spectrum and
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Estimation and Projection Package (EPP) models. Spectrum requires the following input data: AIDS
mortality among people living with HIV with and without ART, CD4 progression among people living with
HIV not on ART, ART coverage among adults and children, Cotrimoxazole coverage among children,
coverage of breastfeeding among women living with HIV, prevention of mother-to-child transmission
coverage, and CD4 thresholds for treatment eligibility. EPP uses many of the same assumptions as
Spectrum but fits a simpler model to HIV prevalence data from surveillance sites and representative
surveys. Antenatal care (ANC), incidence, prevalence, and treatment coverage data from UNAIDS were
used in modelling for all locations. We extracted all of these data from the proprietary format used by
UNAIDS.

For GBD 2017, we received updated national-level files for 97 countries and updated subnational-level
files for eight countries. For many of the GBD locations not covered by these files, we had UNAIDS files
from an earlier year of estimation, which we used again. After combining, we were left with a set of 35
countries for which we have never received a UNAIDS file, many of them countries with small
populations and/or low HIV prevalence. In those places, we generated regional averages of all needed
inputs. This enabled us to run Spectrum for every GBD location.

In several cases, we have modified the structure or data in the UNAIDS files. In South Africa, Russia, Iran,
New Zealand, Great Britain, Japan, Indonesia, Mexico, United States, Norway, Brazil, Ukraine, and China,
which we estimate at the subnational level, we split the national-level UNAIDS file into subnational
datasets using assumptions from GBD 2017 demographics and GBD 2016 HIV prevalence. We also
estimate at the subnational level in Ethiopia, Kenya, and India, but have subnational-level UNAIDS files
for these locations; however, in Kenya and India, we must split larger subnationals to more granular
locations. The subnational locations in Ethiopia, Kenya, India, and South Africa are fit as separate
subpopulations in EPP, so we extracted the prevalence data for the individual subnationals. In Benin,
Cote d’lvoire, Haiti, Moldova, Mozambique, Nigeria, Togo, Zambia, and Zimbabwe, the country files that
we received from UNAIDS contained only subnational data without national-level aggregates. In these
cases, we aggregated the UNAIDS files and ran EPP and Spectrum at the national level.

Vital registration data

We used all available sources of vital registration and sample registration data from the GBD Causes of
Death database after garbage code redistribution and HIV/AIDS mis-coding correction, except in Group
1A countries as described below.? There are two different cause of death data sources for HIV/AIDS in
China: the Disease Surveillance Point (DSP) system and the Notifiable Infectious Disease Reporting
(NIDR) system. Both systems are administered by the Chinese Center for Disease Control and
Prevention, but the reported number of deaths due to HIV is significantly lower in DSP. Therefore, we
have used the provincial-level ratio of deaths due to HIV/AIDS from NIDR to those from DSP, choosing
the larger ratio between years 2013 and 2014, and scaled the reported deaths in the DSP system, which
is in turn used in the spatiotemporal Gaussian process regression (ST-GPR).

On-ART literature data

Data were identified by using search terms “HIV,” “mortality,” and “antiretroviral therapy” in PubMed
searches across the literature. To be included, studies must include only HIV-positive people who
receive antiretroviral therapy (ART) but who were ART-naive prior to the study. In addition, studies must
report either a duration-specific mortality proportion or a hazard ratio across age or sex, and must not
include children.

For duration-specific survival data, studies must report uncertainty on mortality estimates or provide
stratum-specific sample sizes and must include duration-specific data to allow for calculation of 0-6, 7-

48



12, or 13-24 month conditional mortality. In addition, studies must either report separate mortality and
loss-to-follow-up (LTFU) curves, be corrected for LTFU using vital registration data or double sampling,
or be conducted in a high-income setting. Finally, studies must report the percent of participants who
are male and the median age of participants.

Hazard ratio data for ages or sexes can only be used if the hazard ratios are controlled for other
variables of interest (age, sex, and CD4 category). In GBD 2013, we identified 102 papers for extraction.
For GBD 2015, we included 13 additional studies informing the duration-specific mortality estimation
process and 26 studies informing the age and sex hazard ratio estimation process (some studies were
used and counted in both). We also added one study to our LTFU analysis. For GBD 2016, we included 12
additional studies informing the duration-specific mortality estimation process and 11 studies informing
the age and sex hazard ratio estimation process (some studies were used and counted in both). For GBD
2017, we included 17 additional studies informing the duration-specific mortality estimation process and
13 studies informing the age and sex hazard ratio estimation process (some studies were used and
counted in both). We also included two new studies in our LTFU analysis.

Off-ART literature data

In GBD 2013, to characterise uncertainty in the progression and death rates, we systematically reviewed
the literature on mortality without ART. We searched terms related to pre-ART or ART-naive survival
since seroconversion.? After screening, we identified 13 cohort studies that included the cohorts used by
UNAIDS, from which we extracted survival at each one-year point after infection. Screening for
additional, recently published studies in GBD 2015, GBD 2016 and GBD 2017 identified no new cohort
studies for inclusion in this analysis.

Severity splits and disability weights

The basis of the GBD disability weight survey assessments are lay descriptions of sequelae highlighting
major functional consequences and symptoms. The lay descriptions and disability weights for HIV/AIDS
severity levels are shown below.

Severity level Lay description DW (95% Cl)

Symptomatic HIV Has weight loss, fatigue, and frequent infections. 0.274
(0.184-
0.377)

AIDS with antiretroviral Has occasional fevers and infections. The person takes 0.078

treatment daily medication that sometimes causes diarrhoea. (0.052—-
0.111)

AIDS without Has severe weight loss, weakness, fatigue, cough and 0.582

antiretroviral treatment | fever, and frequent infections, skin rashes, and diarrhoea. | (0.406—
0.743)

The proportion of people living with HIV/AIDS who are being treated with antiretroviral therapy is an
output of Spectrum, the compartmental model used to make consistent incidence, prevalence, and
mortality estimates described below.
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Modelling strategy

In GBD 2017, our general modelling strategy for estimating HIV incidence, prevalence, and mortality is
very similar to the strategy used in GBD 2016. We continue to use the Spectrum program rewritten in
Python for GBD 2013 to facilitate faster and more flexible execution necessary for our more intensive
computational needs. We made several changes to the modelling strategy in Spectrum comparing to the
Spectrum software used by UNAIDS. We also, again, ran EPP using an open-source computer program in
R written by Jeffrey Eaton.* We ran EPP for all Group 1 countries in order to produce incidence and
prevalence estimates that were consistent with the demographic and epidemiological assumptions used
in GBD 2017.

On-ART

First, we corrected reported probabilities of death for loss to follow-up using an update of the approach
developed by Verguet and colleagues.® Verguet and colleagues used tracing and follow-up studies to
empirically estimate the relationship between death in LTFU and the rate of LTFU.

To create estimates of age-specific hazard ratios, we synthesised hazard ratio data in five broad age
groups: 15-25, 25-35, 35-45, 45-55, 55-100, and modelled the data using DisMod-MR 2.1.

To create estimates of sex-specific hazard ratios, we use the metan function in Stata to create estimates
of relative risks separately by region, using female age groups as the reference group.

The age and sex hazard ratios were applied to the study-level mortality rates, accounting for the
distribution of ages and sexes in the mortality data. We then subtracted HIV-free mortality from the
model life table process to calculate study-level age-sex HIV-specific mortality.

We used DisMod-MR 2.1 to synthesise the age-sex-split study-level data into estimates of conditional
probability of death over initial CD4 count.®> We modelled the data separately by duration, age, sex, and
region and added a fixed effect on whether the study was conducted prior to 2002. Finally, we replaced
our on-ART mortality rates with those estimated off treatment if they were higher.

Off-ART

Following UNAIDS assumptions, no-ART mortality is modelled as shown in the figure below.?
New infections New infections
with CD4 cell with CD4 cell
counts =500 counts 350-500

P P Py Pa P P
l D4, >500 |—>| D4, 350-500 }—’p{ D4, 250-349 H D4, 200-249 |—>| D4, 100-199 H (D4, 50-99 H D4, <50 |
m, m;

m, m, m, m, m;
\ 4 h 4 h 4 A h 4 h 4 h
‘ Dead, | | Dead, ‘ ‘ Dead, ‘ | Dead, | | Dead, ‘ ‘ Dead; | ‘ Dead, |
Mortality (m) Progression (p) Key:
S c+di At Time step interval W, (D4 binrange
m; =ae BT i CD4binindex @, b, ¢, d Optimised constants

1

The death and progression rates between CD4 categories vary by age according to four age groups: 15—
24 years, 25—-34 years, 35—44 years, and 45 years or older. We modelled the logit of the conditional
probability of death between years in these studies using the following formula:
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In the formula, m is conditional probability of death from year ¢; to tj.1, ai is an indicator variable for age
group at seroconversion (15—24 years, 25—-34 years, 35—44 years, and 45 years or older), tj is an indicator
variable of year since seroconversion, and uy is a study-level random effect.

By sampling the variance-covariance matrix of the regression coefficients and the study-level random
effect, we generated 1,000 survival curves for each age group that capture the systematic variation in
survival across the available studies. For each of the 1,000 survival curves, we used a framework
modelled after the UNAIDS optimisation framework in which we find a set of progression and death
rates that minimises the sum of the squared errors for the fit to the survival curve.®®

Changes for GBD 2017

In GBD 2017, we chose to estimate mortality for each region in its own DisMod model, whereas previous
GBD iterations estimated all regions together with fixed effects. This change was driven by new results
from the leDEA cohort collaboration, which provided enough data to estimate mortality trends by CD4
in each region separately.® We also added a year covariate to our LTFU model reflecting evidence from a
large meta-analysis by Zurcher and colleagues, which showed that mortality among the LTFU has
declined in recent years.” Finally we replaced our estimated on-ART mortality rates by rates off ART,
accounting for progression to lower CD4 categories, if the on-ART rates were higher. This was done to
ensure individuals would not experience higher mortality when they entered treatment in Spectrum.

Burden estimation overview

UNAIDS uses two key analytical components in their epidemiological estimation. EPP is used to estimate
incidence and prevalence trajectories that are consistent with prevalence surveys and other prevalence
measurements such as antenatal clinic serosurveillance. Spectrum is a compartmental HIV progression
model used to generate age-specific incidence, prevalence, and death rates from the EPP incidence and
prevalence curves and assumptions about intervention scale-up and local variation in epidemiology.

Due to the substantial differences in the quality and types of data available across different countries,
we used three different methodologies to produce year-, age-, and sex-specific estimates of HIV
incidence, prevalence, and mortality. All three methodologies incorporate Spectrum to produce final
estimates of disease burden and mortality.

Spectrum

For GBD 2013, we created an exact replica of Spectrum in Python. This enabled us to run thousands of
iterations of the model at once on our computing cluster and allowed for more flexible input data
structures. Additionally, in order to generate estimates with more realistic ranges of uncertainty than
those in UNAIDS 2012, we adjusted all input data by uniformly sampled factors between 0.9 and 1.1.
These changes, along with our new estimation of with- and without-ART mortality and CD4 progression
parameters, persist into GBD 2017.

Changes for GBD 2017

For GBD 2017, we implemented a new approach to address selection bias resulting from temporal and
geographic variation in ANC reporting, which has the potential to skew unadjusted estimates, especially
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early in the epidemic when there are no nationally representative prevalence surveys to anchor
estimates.!® To address this issue, the specification of the likelihood of observed ANC clinic data within
EPP includes random intercepts for each clinic. While this approach largely accounts for differences in
level between clinics, it does not impact the estimated shape of the epidemic. In order to leverage
available information from nearby geographies, we developed a model for data imputation which
establishes an epidemic peak from a first-stage model fit to ANC clinic data from a location and its nearest
neighbours. The model included random effects for country, clinic, and time. The year of the largest
random effect was used as tmax, the location of a single knot in an imputation model which predicted the
logit of prevalence in each year for a clinic as a linear spline. We can write this method mathematically in
the following way:

logit(pi(t)) = Bo + S(t) + 83X + €
S({) = IIB] S (!’) + IIBQ 92(.")

& _ fma;r —t t < tmcuc
Sl(!) N { 0 t> tm(m:
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SQ(t) - { 0 t < Lma'r

One thousand draws of imputed clinic prevalence, accounting for covariance between predictors, were
generated for clinic-years where at least one clinic had an observation in a given year. These draws were
used for each of the 1,000 EPP runs we ran for each location.

Additionally, for GBD 2017 we improved our sex-specific modelling strategy in Spectrum by sex-splitting
incidence based on a model fit to the sex ratio of prevalence observed in countries with representative
surveys. We also updated the Spectrum pediatric module to reflect changes made by UNAIDS.%° Our
child module was revised to include CD4 progression and CD4-specific mortality rates taken from a
model fit to survival data from leDEA. We also updated child initiation of ART to include data on ART
distribution from IeDEA.

ART coverage distribution

In UNAIDS’ implementation of Spectrum, initiation of ART is constrained by eligibility criteria and
distributed across CD4 count groups according to both the expected number of deaths and the number
of people in each untreated CD4 count group — groups with a large proportion of PLHIV and high
numbers of expected deaths initiated the most individuals into treatment. Three surveys were available
at the time of publication that contained questions which can help inform the CD4 count distribution of
ART coverage, Uganda AlS 2011 and Kenya AIS 2007 and 2012. Both of these surveys conducted CD4
count measurements and include a question regarding the amount of time that an individual receiving
ART had been enrolled in treatment. Survey data provide cross-sectional CD4 count information;
however, the Spectrum modelling framework tracks individuals by categorical CD4 count at the initiation
of treatment. In order to cross-walk the cross-sectional survey data into estimates of CD4 count at
treatment initiation, we built a model using relevant cohort data which tracked changes in CD4 count
after initiation of treatment to translate an individual’s current CD4 count and duration on treatment
into CD4 count at initiation of treatment. The functional form for changes in CD4 count as a function of
duration on treatment was a natural spline on duration with knots at 3, 12, 24 and 36 months, and an
interaction between initial CD4 count and duration.
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After cross-walking, we predicted the probability of being on treatment as a function of individual
income (measured through an asset-based index), stratified by CD4 count, age, and sex. The results of
this prediction were translated into country-specific age-sex-year-CD4 count probabilities of coverage
using a conversion factor between individual income and LDI. We used stochastic frontier analysis to
constrain the maximum possible coverage for a given degree of income and CD4 count. Predicted
probabilities of coverage were input to Spectrum to inform the distribution, and not the overall level, of
ART treatment by CD4 count. Spectrum converted counts of expected individuals on treatment in each
CD4 count group and scaled the distribution across CD4 count groups to match the input data on the
number of people on ART coming from UNAIDS country files. In cases where the predicted number of
individuals initiating treatment exceeds the total number of untreated individuals in a CD4 count group,
we reallocate treatment evenly to other CD4 count groups.

Countries with seroprevalence surveys and antenatal clinic data (Groups 1A and 1B)

We identified 50 countries — as well as subnational locations in India, Kenya, Ethiopia, and South Africa —
with at least 0.5% adult HIV prevalence and at least one geographically representative HIV
seroprevalence survey or available antenatal care clinic (ANC) data. In order to ensure that our
estimates of incidence and prevalence in these places were consistent with our estimates of HIV
progression, we used a version of EPP written in R and C++ by Jeffrey Eaton to create new fits to the
available prevalence data. The version of EPP used in GBD 2017 was updated in 2017 by Jeffrey Eaton. In
this new version, an ANC prevalence adjustment was included and incorporated with the 2016 lookup
database for the relative risk between pregnant women and the whole adult population, and an
additional parameter to estimate ANC variance inflation was included as well.

For adjusting ANC data to align with the national 15-49 both sexes population, we extracted data on HIV
prevalence among pregnant women who gave birth within the last year and attended an ANC clinic,
from available DHS surveys. A simple model with regional random effects was run to generate location-
specific prior distributions for the ANC bias adjustment where surveys were available, and regional
priors for locations without a survey. The adjustment using a time-series of relative risk between
pregnant women and the adult population was removed, and the ANC bias parameter was changed to
account for all of the biases observed between these two populations.

In the new version of EPP, in addition to the equilibrium prior assumption of the force of infection in
projection, a random walk approach is available as an alternative method. There were two locations,
Madagascar and Papua New Guinea, which had no prevalence surveys and an increasing trend in ANC
data. We chose the random walk approach to project the force of infection for these locations. We
assumed the change of the log-scaled force of infection was following a normal distribution with mean
equal to the median of the change of the modelled force of infection among the years having ART
implemented or prevalence data, and the SD was equal to the default setting as the mean SD of the
change of the modelled force of infections among the years having prevalence data. The projection year
was chosen from the most recent year between the year with the lowest model force of infection and
the year of the second latest survey data.

In the new EPP code, an optimisation step was added into IMIS function to speed up the parameter
sampling step based on Raftery and Bao.!! Two optimisation methods have been introduced. The main
algorithm is Broyden—Fletcher—Goldfarb—Shanno (BFGS) optimization. If BFGS fails, Nelder-Mead
optimum is used instead. In our 2016 EPP model, by substituting in our own assumptions about HIV
progression rates and on/off ART mortality, we were able to ensure that the implied relationship
between incidence and mortality/prevalence in EPP is similar to that in Spectrum.
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To incorporate uncertainty in our mortality and progression parameters, we run EPP with separate
draws of each of these parameters. This process produced 1,000 sets of EPP output for each of the
locations that make up the 48 countries in the group. Every set of EPP outputs contains 500 consistent
draws of HIV incidence and prevalence in adults aged 15-49.

For every location in the group, we sampled one of the 500 incidence/prevalence draws from each of
the sets of EPP results. By sampling one draw from each set, we ensured that the distribution of
progression parameters dictating the relationship between incidence and prevalence was exactly the
same as the distribution of the sorted parameters generated in the previous step. At the end of this
process, for every location in the set of 48 countries, we were left with 1,000 linked draws of adult
incidence and prevalence and the exact mortality and progression parameters that generated those
draws. We then ran these results, along with the previously described demographic and HIV-specific
inputs, through Spectrum to produce location-, year-, age-, and sex-specific estimates of HIV incidence,
prevalence, and mortality.

The HIV/mortality reckoning process is intended as a method of reconciling separate estimates of HIV
mortality (and its resulting effect on estimates of HIV-free and all-cause mortality) in Group 1 countries
by averaging estimates of HIV mortality from the model life table process and EPP-Spectrum. Additional
details on the reckoning can be found in the GBD 2017 mortality manuscript.!?

Since Spectrum produces HIV incidence, prevalence, and deaths that are consistent with one another
over time, the reckoning process results in death numbers that are no longer consistent with the
incidence and prevalence produced in Spectrum. In order to recreate this consistency, we recalculated
incidence for all Group 1 locations using the difference between reckoned deaths and deaths produced
by Spectrum. The updated incidence is calculated by aggregating counts of new infections, HIV deaths
from Spectrum, and HIV deaths after reckoning at the year-sex level. The difference between reckoned
HIV deaths and HIV deaths from Spectrum is added to Spectrum incidence, and we calculate the ratio
between updated incidence and Spectrum incidence. Age-specific counts of new infections are then
scaled by their corresponding sex-year ratios.

Countries with vital registration data (Group 2A and 2B)

Vital registration is one of the highest-quality sources of data on HIV burden in many countries, so
generating estimates that are consistent with these data with necessary adjustment to account for any
potential underreporting is critical. We identified 122 countries — as well as 578 subnational locations
from China, Japan, Indonesia, India, Mexico, Sweden, the United Kingdom, Ukraine, Russia, New
Zealand, Iran, Norway and the United States — with usable points of vital registration data, verbal
autopsy (VA) data, or sample registration system (SRS) data. In India, Vietnam and Indonesia, we used
SRS and VA data, respectively, as input mortality for CIBA. For India we extracted the resulting age-sex
distribution of incidence but scaled the level to match the adult incidence rate estimated from EPP for
each state.

We imputed missing years of data to generate a complete time series for HIV from the estimated start
year of the epidemic using ST-GPR. We analysed mortality trends using ST-GPR starting in 1981, the year
that HIV was first identified in the United States.!® For ST-GPR, we adjusted the lambda (time weight)
and GPR scale according to the completeness of vital registration data, with 4- and 5-star quality VR
using parameters designed to follow the data more closely. We produced separate splines by
country/age group, up to the peak year of death rate. We then ran a linear regression with fixed effects
on region, age, and sex. Following this, we ran space-time residual smoothing, in which time, age, and
space weights are used to inform smoothing of the residuals between data points and the linear
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regression estimate. From this process, we generated space-time estimates with the applied weights,
along with the median absolute deviation (MAD) of the space-time estimates from the data. The MAD
was calculated at various levels of the geographic hierarchy (eg, subnational and national), and was
added into the data variance term. The data variance and space-time estimates were then analysed
using Gaussian process regression to return a final estimate of mortality along with uncertainty.

Although Spectrum produces HIV mortality estimates that are within the realm of possibility in most
countries using the incidence curves provided in the UNAIDS country files, it is a deterministic model
that has not yet been integrated into an optimisable framework. Therefore, in order to “fit” it to vital
registration data, we need to adjust input incidence.

To improve the fit of this process, in GBD 2015, we restructured Spectrum to track cohorts by year of
HIV infection. With this version of Spectrum we can output, among many other metrics, HIV deaths by
year, age, sex, and infection cohort. This enables us to adjust incidence to fit to death much more
precisely and without making any rigid assumptions about the time from HIV infection to HIV death.

We have incorporated these improvements into a cohort incidence bias adjustment (CIBA) process.
First, we ran Spectrum normally to produce 1,000 draws of incidence, prevalence, and mortality. Then,
by year, age, and sex, we took the ratio of VR deaths to Spectrum deaths to quantify the amount of bias
in Spectrum. Using draw-level duration data from the new version of Spectrum, for every year-, age-,
and sex-specific infection cohort, we calculated the share of all HIV deaths observed over the course of
the projection period in that cohort that would occur in each year after the year of infection. For
example, projecting from 1970 through 2017, we identified the cohort of men infected in 1992 at the
age of 16, calculated the total number of HIV deaths in that cohort in all subsequent years through the
end of 2017, and divided the annual number of deaths by that total. This showed us the distribution of
deaths among that cohort over the projection period. In the most extreme case (infections in 2016), we
could only produce one point of that distribution (2017), so that single value is exactly 1-0; 100% of the
deaths observed in that cohort occurred in 2017.

We then used these distributions of death to weigh the ratio of VR deaths to Spectrum deaths, meaning
that ratios in the years where we expect the largest share of deaths were weighed most heavily. We
then multiplied the initial size of that cohort from the normal run of Spectrum by the sum of the
combined ratios to get a new estimate of new cases in that year/age/sex combination. We can write this
method mathematically in the following way:
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VR; is the number of HIV/AIDS deaths in year t from ST-GPR, and D, is the number of HIV/AIDS deaths

from the first run of Spectrum. In the second equation, dg_i is the number of HIV/AIDS deaths among
members of infection cohort t — i in year t, with i = 1, from the new, duration-tracking version of
Spectrum, and n is final year of the projection. Therefore, pi_i is the share of observed deaths in cohort

t — i that we expect to occur in year t. It follows that at~tis the weighted adjustment ratio described
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above, which we multiply by the estimated initial size of infection cohort t — i as calculated in the first-
stage Spectrum run to get the adjusted number of new cases, ngg;'usted. This process is run separately for
every sex, single-age, and draw.

CIBA allows ratios in each year after a given infection year to influence the final adjustment to incidence.
The size of that influence is determined by the relative importance of that year in the cohort-year’s
distribution of deaths over time. The result is a new set of 1,000 draws of incidence and a set of 1,000
ratios of post-adjustment incidence to pre-adjustment incidence. We perform this adjustment using
mean durations from the new version of Spectrum in order to try to shift the mean of the regular
distribution of deaths.

Finally, to produce location-, year-, age-, and sex-specific estimates of HIV incidence, prevalence, and
mortality, we ran the new estimates of incidence and all previously input data through Spectrum.

Countries without survey data and vital registration data (Group 2C)

The remaining 30 countries — as well as Macau Special Administrative Region of China — had neither
geographically representative seroprevalence surveys nor reliable vital registration systems. To produce
estimates of HIV burden in these countries, we assumed that Spectrum is similarly biased as in other
Group 2 countries within the same super-region. This involved running Spectrum, adjusting incidence
using 1,000 adjustment ratios randomly sampled from CIBA results from the same super-region, and
rerunning Spectrum using the new draws of adjusted incidence. As above, the estimates of incidence,
prevalence, and mortality were incorporated into the rest of the machinery via the reckoning process.
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HIV/AIDS — Multidrug-resistant tuberculosis without extensive drug resistance, HIV/AIDS —
Extensively drug-resistant tuberculosis, and HIV/AIDS — Drug-susceptible tuberculosis
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Input data

Input data for HIV/AIDS-tuberculosis (HIV-TB) mortality estimation include (i) 438 site-years of vital
registration data from countries with a four- or five-star rating where cause of death data for directly
coded HIV-TB and tuberculosis (TB) were available, and (ii) the number of TB cases (new and re-
treatment) recorded as HIV-positive and the number of TB cases (new and re-treatment) with an HIV
test result recorded in the TB register from the World Health Organization (WHO). We excluded data
from countries with ten HIV-TB deaths or less. We also excluded data that were largely conflicting with

the majority of data for other years from the same country.

Input data for estimation of multidrug-resistant and extensively drug-resistant HIV-TB include: (i) the
number of drug-resistant cases by type (multidrug-resistant tuberculosis [MDR-TB], extensively drug-
resistant tuberculosis [XDR-TB], all TB cases with a drug sensitivity testing [DST] result for isoniazid and
rifampicin, and MDR-TB cases with DST for second-line drugs) from routine surveillance and surveys
reported to the World Health Organization. Additional input data include relative risks of mortality in
MDR-TB cases compared with drug-susceptible TB cases, and relative risks of mortality in XDR-TB cases
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compared with MDR-TB cases reported by studies identified through our systematic review, and the risk
of MDR-TB associated with HIV infection from the literature.?

Modelling strategy

To determine TB deaths in HIV-positive individuals, we first computed the fraction of HIV-TB deaths
among all TB deaths using vital registration data from countries with a four- or five-star rating. We also
calculated the proportion of TB cases that are HIV-positive (ie, number of TB cases recorded as HIV-
positive/number of TB cases with an HIV test result recorded in the WHO TB register). We used these
proportions as input data for a mixed effects regression to predict the proportions of HIV-TB cases
among all TB cases for all locations and years using an adult HIV death rate covariate. We estimated the
fraction of HIV-TB deaths among all TB deaths in each location and year (Dc,y), defined by

P.,RR

" P ,RR+1-P,,

D

where Pc,y is the proportion of HIV-TB cases among all TB cases and RR is the relative risk of TB deaths in
HIV positive individuals, defined by:

Dc,yP cy Dc,y
Dc,yP cy F cy

RR =

We took the median relative risk (RR) from each calculation. We then applied the median RR and the
predicted proportions of HIV-TB cases among all TB cases to get the fractions of HIV-TB deaths among all
TB deaths for all locations and years. Location-year-specific HIV-TB deaths were then calculated using
the following equation:

DC,J/

1-D.,

DeathSHlv_TB = DeathSTB

where Deathsyp is location-year specific deaths from the CODEm TB no-HIV model. Finally, we applied
the age-sex pattern of the HIV mortality estimates to these HIV-TB deaths to generate location-year-age-
sex-specific HIV-TB deaths. As the HIV-TB deaths were estimated based on the fraction of HIV-TB deaths
among all TB deaths, the total number of HIV-TB deaths could exceed the total number of HIV deaths in
some locations. To avoid this, we applied a cap of 45% on the fraction of HIV-TB deaths among HIV
deaths, based on a review by Cox and colleagues, 2010,% and a systematic review and meta-analysis by
Ford and colleagues, 2016.3

To split HIV-TB into HIV-MDR-TB and HIV-drug-susceptible-TB, we first calculated the proportion of HIV-

MDR-TB among all HIV-TB cases (Pypr—Hive,y,a,s) fOr each location, year, age, and sex using the
following formula:

59



PMDR—HIVc,y,a,s = PMDRnoHIVc,y,a,sRRHIV

where PyprnoHive,y,a,s 1S the estimated proportion of MDR-TB among HIV-negative TB cases for each
location, year, age, and sex (see MDR-TB modelling strategy for the detail) and RRy;y is the relative risk
of MDR-TB associated with HIV infection.

We then computed the fraction of HIV-MDR-TB deaths among all HIV-TB deaths (Dypgr—pive,y,a,s) USing
the following formula:

PMDR—HIVc,y,a,sRRMDR

l MDR—-HIVc y,a,s
WY, l) ’3’3 I ] F)
MDR—-HIV cy,a,s MDR MDR—HIV cy,a,s

where RRypp is the pooled relative risk of mortality in MDR-TB cases compared with drug-susceptible
TB cases. We then applied the predicted HIV-MDR-TB death fractions to all HIV-TB death estimates to
generate HIV-MDR-TB deaths by location, year, age, and sex. Next, we subtracted HIV-MDR-TB deaths
from all HIV-TB deaths at the 1,000 draw level to generate drug-susceptible HIV-TB deaths by location,
year, age, and sex.

To separate out HIV-XDR-TB from HIV-MDR-TB, we aggregated the XDR-TB cases and MDR-TB cases
(with DST for second-line drugs) up to the super-region level and calculated the super-region-level
proportions of XDR-TB among MDR-TB cases. Next, we computed the super-region-specific fraction of
XDR-TB deaths among all MDR-TB deaths (Dxprsr-) using the following formula:

PXDRsrRRXDR

Dxprsr =
" PxprsrRRxpr + 1 — Pxprsr

where Pyprsr IS the proportion of XDR-TB among MDR-TB cases for each super-region, and RRypp is
the pooled relative risk of mortality in XDR-TB cases compared with MDR-TB cases. These fractions were
then applied to MDR-TB deaths in corresponding countries within the super-regions to produce XDR-TB
deaths by location, age, and sex for the most recent year of estimation. We linearly extrapolated XDR-TB
mortality rates back, assuming the mortality rates were zero in 1992, one year before 1993 when XDR-
TB was first recorded in USA surveillance data.? Finally, we subtracted HIV-XDR-TB deaths from HIV-
MDR-TB deaths to generate HIV-MDR-TB (without extensive drug resistance) deaths by location, year,
age, and sex.
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Sexually Transmitted Infections Excluding HIV

Total sexually transmitted diseases (STI), chlamydia, gonorrhea, syphilis, and other STI.
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For GBD 2017, STl cause of death models included syphilis, chlamydial infection, gonococcal infection,
and other STls. CODEm models for males and females 10 years and older were informed from centrally
processed data from the cause of death (COD) database. All data from all geographies were reviewed.
Outliers were identified as those data where age patterns or temporal patterns were inconsistent with

neighbouring age groups or locations or where sparse data were predicting implausible overall temporal

or age patterns for a given location.

Four different types of data were used for the natural history model of congenital syphilis. First, we used

notification and survey data to estimate the prevalence of a positive syphilis serology test in women of
reproductive age in DisMod-MR 2.1. Second, we used estimates of the number of antenatal care (ANC)
visits from Demographic and Health Surveys and live birth estimates from our demographic analyses.

Third, we used published data from the Global Health Observatory on the proportion of ANC clinics that

test for syphilis and the proportion of women testing positive who receive treatment. Fourth, we used
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the results of meta-analyses on the increased risk of fetal loss and neonatal death in syphilitic women to
inform the risk of fetal loss and neonatal mortality from pregnancies in women with syphilis.

Modelling strategy

We completed data-rich (DR) and global CODEm models for ages 10 years and over for males and
females separately. Ten covariates were used in each CODEm model, including 1) prevalence of positive
syphilis serology in pregnancy from the DisMod-MR 2.1 analysis; 2) coverage of one antenatal care
(ANC) visit; 3) coverage of four or more ANC visits; 4) age-specific fertility rate; 5) total fertility rate; 6)
health system access, a principal components analysis of ANC, in-facility delivery, skilled birth
attendance, and vaccine coverage; 7) heath care access and quality index (HAQI), a measure of mortality
amenable to heath care, 8) national income per capita (LDI); 9) years of education per capita; and 10)
abortion legality, an index that includes a categorical rating of abortion laws that range from 1 (always
illegal) to 7 (always legal on demand).

Covariates are shown in the following table.

Level Covariate Direction

1 Syphilis prevalence +

2 Abortion legality -
Age-specific fertility rate +
Education (years per capita) -
Total fertility rate +

Health system access, capped -

Health care access and quality index -

3 Antenatal care coverage, 1+ visits -

Antenatal care coverage, 4+ visits -

Lag-distributed income -

The overall CODEm model for STI was split into the sub-causes using vital registration (VR) data from the
COD database. Trichomoniasis and HSV-2 were assumed not to cause mortality. Chlamydia was further
assumed not to cause death in males. Cause-specific mortality rate VR data for each age group, sex, and
year were summed and scaled to match the total STI cause-specific mortality rate predicted by CODEm.
This global VR pattern was applied to all locations.

Our model for congenital syphilis deaths began with estimation of the prevalence of a positive syphilis
serology in adults in DisMod-MR 2.1, restricting incidence to zero before the age of 10 and assuming no
excess mortality. A positive non-treponemal test (RPR or VDRL) with confirmation by a treponemal test
was chosen as the reference. Incidence data, primarily in the form of notifications, were ignored due to
varying degrees of under-reporting that lead to irreconcilable differences between incidence and
prevalence data. Study-level covariates for non-reference categories (pregnant, blood donors) and non-
reference testing modalities (eg, treponemal test only, non-treponemal test only) were used to
crosswalk to the reference category.
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To account for differing access to testing and treatment across geographies in the seroprevalence
model, consistent duration ranges were calculated using a sum of the duration of untreated and treated
syphilis, weighted by the percent of individuals that are symptomatic and the probability of receiving
treatment if symptomatic with the formula below. These estimates were taken from published numbers

Duration = (% Symptomatic)(Probg,)(Durationg,)
+(1 — % Symptomatic)(Duration ,o¢ gy)

+(% Symptomatic)(1 — Probg,) (Duration ¢ gy)

in GBD 2000 and WHO 2005, which were largely expert-driven. The probability of treatment if
symptomatic was scaled using the Healthcare Access and Quality index (HAQI) to compute this
probability for each location and year. Durations per stage (primary, secondary, latent, and tertiary)
were calculated individually and summed along with the average seroreversion by stage, weighing by
the proportion of cases remaining at each stage and including the time it would take to serorevert after
adequate treatment.

Seroprevalence data in women of reproductive age from this DisMod model were paired with age-
specific live birth estimates from our demographic analyses to generate the number of pregnancies in
women with syphilis. To adjust for fetal loss, the following steps were taken: 1) we ran ST-GPR on the
ANC syphilis testing and treatment data from the Global Health Observatory (GHO) using SDI as a
covariate; 2) pregnancies were categorized by the proportion of pregnant women with 0-1, 2+, and 4+
ANC visits; 3) we used notification data on the proportions with early and late syphilis and multiplied
these with the data on ANC visits. Women with 0—1 ANC visits or any number of visits to clinics that did
not test and treat were considered untreated. Those with late syphilis and 2—3 ANC visits to clinics that
tested and treated were classified as inadequately treated, and those with early syphilis and 2+ ANC
visits to clinics that tested and treated or late syphilis and 4+ visits were categorised as adequately
treated.

From 11 follow-up studies of pregnant women with syphilis we derived excess fetal loss proportions and
excess neonatal death proportions relative to non-syphilitic women by meta-analyses. Only one study
(Ingraham 1950) provided additional information on fetal loss and neonatal mortality for women with
early and late syphilis. Japanese notification data detailed by syphilis stage and patient age were used to
determine the proportion with early/late syphilis by 5-year age groups. As the time periods these
studies were conducted in varies greatly, we took into account the higher risk of an adverse pregnancy
outcome in the past by subtracting rates of healthy mothers from syphilitic mothers from the same
study. The ratio of mothers with early/late syphilis and the mortality rates by stage from this study were
used to split the overall fetal loss and neonatal mortality rates for both untreated and inadequately
treated syphilis into early and late syphilis rates for each category.
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Untreated, stillbirths/miscarriages

Study | - Prev (95% CI) % Weight

Ingrahm 1950 USA —a— 0.19 ( 0.15, 0.24) 10.7
McDermott 1993 Malawi —_— 0.21 ( 014 0.28) 10.0
Myer 2004 ZAF —a— 0.06 ( 0.03, 0.10) 104

Rutgers 1993 ZWE = 0.19 ( 0.09, 0.32) 8.5
Tikhonova 2003 RUS —a 0.25 ( 0.21, 0.30) 10.7
Watson-Jones 2002 TZA = 0.23 ( 0.14, 0.34) 9.3
Harman 1917 GBR —-— 0.08 ( 0.06, 0.09) 11.1
Paley 1937 USA — 0.11 ( O. 07 0.16) 105

Ratnam 1982 Zambia | ——&——+— 0.06 ( 0.00, 0.18) 7.5
Gust 2002 USA = 0.04 ( 0.04, 0.05) 11.2
Overall f 0.13 ( 0.08, 0.20) 100.0

Q=270.10, p=0.00, 12=97%
0 0.1 0.2 0.3
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Inadeguately treated, stlllblrths/mlscarrlages

Prev (95% CI) % Weight
Myer 2004 ZAF - 0.02 ( 0.01, 0.04 17.9
Rutgers 1993 ZWE = 0.08 ( 0.00, 0.34 10.5
Zhu 2010 CHN —a— 0.28 ( 0.24, 0.32 17.9
Southwick 2007 RUS +m— 0.12 0.09, 0.15 17.9
Hira 1990 Zambia —a— 0.18 ( 0.13, 0.23 17.6
Gust2002USA | = 0.03 ( 0.02, 0.04 18.2
Overall 0.10 ( 0.03, 0.21) 100.0
Q=260.54, p=0.00, 12=98%

0 01 02 03
Prevalence

Untreated, neonatal deaths

Study | - Prev (95% CI& % Weight
Ingrahm 1950 USA —a— 0.13 ( 0.09, 0.18) 18.1
McDermott 1993 Malawi = 0.13 ( 0.07, 0.20) 15.7
Myer 2004 ZAF | —a—— 0.03 ( 0.01, 0.06) 17.2
Rutgers 1993 ZWE = 0.07 ( 0.01, 0.18) 11.6
Tikhonova 2003 RUS | —=— 0.04 ( 0.02, 0.07) 17.9
Harman 1917 GBR —a— 0.15 ( 0.13, 0.18) 195
Overall 0.09 ( 0.04, 0.14) 100.0
Q=44.41, p=0.00, 12=89%
0 0.1 0.2

Prevalence
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Inadequately treated, neonatal deaths

Study Prev (95% CI) '
Myer 2004 ZAF —— 0.02 ( 0.01, 0.04)
Rutgers 1993 ZWE | = 0.00 ( 0.00, 0.17)
Zhu 2010 CHN = 0.15 ( 0.11, 0.20)
Southwick 2007 RUS —— 0.02 ( 0.01, 0.04)
Gust 2002 USA | m 0.00 ( 0.00, 0.00)
Overall | e — 0.03 ( 0.00, 0.09)
Q=169.51, p=0.00, 12=98%
0 0.05 0.1 0.15 0.2
Prevalence

No excess mortality or fetal loss was assumed for adequately treated cases of maternal syphilis. A
comparison of the neonatal mortality rates between adequately treated women and uninfected women
showed a smaller proportion of babies from adequately treated women died than babies from
uninfected women.

Proportion of neonatal deaths
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We first adjusted syphilitic pregnancies for the excess risk of stillbirth to estimate the number of
stillbirths attributable to congenital syphilis. We then multiplied the live births in syphilitic mothers by
the proportions of ANC visit categories, the probability of attending a clinic that tests and treats, and the
proportions of early and late syphilis in pregnant women. We applied the appropriate neonatal excess
mortality rates derived from our meta-analyses. This total number of neonatal syphilis deaths was split
between the 0—6 days and 7—27 days age groups using sex- and age-specific VR data from the COD
database. Congenital syphilis deaths beyond the neonatal period were likewise estimated using sex- and
age-specific VR data. This VR pattern was applied globally to all locations.

The primary limitation of our estimation of STl deaths in those over 10 years old is data availability,
especially from countries where VR systems are not available. Even in countries with VR, there may be
some variation in practices for coding deaths to STl as the underlying cause, especially given the
potentially variable presentation of many of the conditions in this category. Such variation is more likely
to lead to underestimation of STI deaths than overestimation. The estimation of STI-specific deaths is



similarly limited by data availability in those locations without VR data, and our estimates are thus based
on the overall pattern of deaths in generally higher-income geographies.

The primary implication of this limitation is that it decreases the resolution with which we can
decompose the relationship between mortality from HIV and other STI. Our model for congenital
syphilis continues to improve but still is limited by data availability issues and assumptions backed by
sparse evidence, especially on the coverage and effectiveness of ANC interventions to prevent
congenital syphilis. We do not have information on the proportion of women who tested positive who
may have received treatment elsewhere, or information on the coverage of treatment for neonates,
infants, and children born with congenital syphilis.

67



Tuberculosis

- Legend
Cause of death estimation

Input data

Vital registration

Garbage code
Standardize . - e reducti Cause of death
Verbal autopsy data ot dats ] 1COmapping [—> Age-sex andtiy "1 S Database
correction X
Final burden

estimation

Surveillance data

Unadjusted deaths
by location/year/
age/sex due to

tuberculosis (TB)

Adjusted
deaths by

location/year/
age/sex
Reference life table
Process.

Location-level CODEm

covariates model CodCorrect

‘.\

TB deaths for all age
groups (adjusted for
misclassification of
pneumonia deaths as T8
deaths in children) by
location/year/age/sex

© Cause of death

Add deaths diagnosed O Nonfatal

f..mﬁhr'é" ::::: iian O Disability weights
children <15 years @ Burden estimation

O Covariates

Proportion of T among
pneumonia cases in children
from literature

Age-standardized TB
incidence

Estimate the
proportion of T8
among pneumonia
cases using a
logarithmic trend
line

Deaths diagnosed
Apply the estimated with both
proportions to pneumonia and
pneumonia deaths 8B n children <15
in children <15 years years by location/
year/age/sex

Proportion of
TBamong
pneumonia
cases by
location/year

Input data

Input data for modelling tuberculosis (TB) mortality among HIV-negative individuals include vital
registration, verbal autopsy, and surveillance data. Vital registration data were adjusted for garbage
coding (including ill-defined codes and the use of intermediate causes) following GBD algorithms and
misclassified HIV deaths (ie, HIV deaths being assigned to other underlying causes of death such as
tuberculosis or diarrhea because of stigma or misdiagnosis).

Verbal autopsy data in countries with age-standardised HIV prevalence greater than 5% were removed
because of a high probability of misclassification, as verbal autopsy studies have poor validity in
distinguishing HIV deaths from HIV-TB deaths.

Modelling strategy

A general CODEm modelling strategy was used. We added a new covariate, namely the TB strain
prevalence-weighted transmission risk. We also included the cigarettes per capita covariate. Other
location-level covariates included in the CODEm model were the same as in GBD 2016: adult
underweight proportion, alcohol (litres per capita), diabetes (fasting plasma glucose mmol/L), education
(years per capita), Healthcare Access and Quality Index, lag-distributed income, indoor air pollution,
outdoor air pollution, population density, prevalence of active tuberculosis, prevalence of latent
tuberculosis infection, smoking prevalence, Socio-demographic Index, and a summary exposure variable
reflecting the average exposure to all of the risk factors.
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Covariate table

Covariate Direction

Level 1 TB prevalence
Latent TB infection prevalence
SEV scalar
Alcohol per capita
Smoking prevalence
Cigarettes per capita
Fasting plasma glucose
TB strain prevalence-weighted transmission risk

+ + + + + + + +

Level 2 HAQ Index
Adult underweight proportion
Indoor air pollution
Outdoor air pollution
Population density

Level 3 Log LDI
Education (years per capita) -
Socio-demographic Index (SDI) -

+ + + +

Correcting for a potential misclassification of tuberculosis deaths as pneumonia deaths in
children

In locations with high TB burden, TB deaths may be misclassified as pneumonia deaths in children,* and
we addressed this potential misclassification in GBD 2017. First, we estimated the proportion of
tuberculosis among pneumonia cases as a function of age-standardised TB incidence using data from
eight clinical studies®>*>¢789 reporting the proportion of pneumonia cases that had tuberculosis (or the
data to calculate them) and the age-standardised TB incidence estimates. We used a logarithmic trend
line to fit these data. Next, we applied the estimated proportions to pneumonia deaths (estimated for
GBD 2017) among children younger than 15 years to compute the number of deaths diagnosed with
both pneumonia and TB, which were then added to child TB deaths from the CODEm model. Finally,
these estimates were adjusted using CoDCorrect, which ensures that the number of deaths from each
cause add up to all-cause mortality deaths for a given year.

References

1. Graham SM, Sismanidis C, Menzies HJ, Marais BJ, Detjen AK, Black RE. Importance of
tuberculosis control to address child survival. Lancet 2014; 383(9928): 1605-7.

2. Adegbola RA, Falade AG, Sam BE, et al. The etiology of pneumonia in malnourished and well-
nourished Gambian children. Pediatr Infect Dis J 1994; 13: 975-82.

3. Chisti MJ, Graham SM, Duke T, et al. A prospective study of the prevalence of tuberculosis and
bacteraemia in Bangladeshi children with severe malnutrition and pneumonia including an
evaluation of Xpert MTB/RIF assay. PloS One 2014; 9: e93776.

69



4. Madhi SA, Petersen K, Madhi A, Khoosal M, Klugman KP. Increased disease burden and
antibiotic resistance of bacteria causing severe community-acquired lower respiratory tract
infections in human immunodeficiency virus type 1-infected children. Clin Infect Dis 2000; 31:
170-76.

5. McNally LM, Jeena PM, Gajee K, et al. Effect of age, polymicrobial disease, and maternal HIV
status on treatment response and cause of severe pneumonia in South African children: a
prospective descriptive study. Lancet 2007; 369: 1440-51.

6. Moore DP, Klugman KP, Madhi SA. Role of Streptococcus pneumoniae in hospitalisation for
acute community-acquired pneumonia associated with culture-confirmed Mycobacterium
tuberculosis in children: a pneumococcal conjugate vaccine probe study. Pediatr Infect Dis J
2010; 29: 1099-104.

7. Nantongo JM, Wobudeya E, Mupere E, et al. High incidence of pulmonary tuberculosis in
children admitted with severe pneumonia in Uganda. BMC Pediatr 2013; 13: 16.

8. Zar HJ, Hanslo D, Tannenbaum E, et al. Aetiology and outcome of pneumonia in human
immunodeficiency virus-infected children hospitalized in South Africa. Acta Paediatr 2001; 90:
119-25.

9. Moore DP, Higdon MM, Hammitt LL, Prosperi C, DeLuca AN, Da Silva P, Baillie VL, Adrian PV,
Mudau A, Deloria Knoll M, Feikin DR. The incremental value of repeated induced sputum and
gastric aspirate samples for the diagnosis of pulmonary tuberculosis in young children with
acute community-acquired pneumonia. Clinical Infectious Diseases. 2017 May
27;64(suppl_3):5309-16.

TB strain prevalence-weighted transmission risk covariate

We added a new TB covariate added in this round of GBD that incorporated data on the global
distribution of TB strains and the relative risk of transmission associated with those strains. For this
covariate, we defined TB strains according to the seven phylogenetic lineages of the Mycobacterium
tuberculosis complex (MTBC) identified by S. Gagneaux and colleagues.! We determined the global
distribution of these strains using a systematic review of human TB molecular epidemiology studies from
1990 to 2017 in PubMed and Scopus, as described in greater detail elsewhere.? All studies that used
population-based sampling methods or collected isolates from all culture-positive TB cases in a given
location and time period were included. All genotypes that could be converted to phylogenetic lineages
were extracted, including genotypes determined by spoligotyping, MIRU-VNTR typing, and PCR or
whole-genome sequencing. Studies of sub-populations, such as prison populations or drug-resistant
cases only, were excluded. In total, 206 studies representing 85 countries and over 200,000 bacterial
isolates were included. A map of these strains highlighted the widespread global distribution of Euro-
American Lineage 4 strains and East Asian Lineage 2 strains, and the geographic restriction of Lineage 5
and 6 strains to West Africa. Thirty of these studies also reported transmission chains associated with
bacterial genotypes, as defined by genetic clustering.?

We used spatiotemporal Gaussian process regression (ST-GPR) to model the distribution of each
strain in each GBD location across all ages and sexes, as described in greater detail elsewhere.* The
covariates tested in each model included HIV age-standardised prevalence, population density, and a
custom-made human movement covariate. The human movement covariate took into account (1)
immigration and emigration patterns® and (2) airplane passenger flow® to and from each country. In the
ST-GPR models we assumed strong correlation and smoothing over both space and time. We then used
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a random-effects meta-analysis to determine the relative risk (RR) of transmission associated with each
strain, as defined by genetic clustering. We used the most widespread strains, Euro-American Lineage 4
strains, as the reference group. We found that East Asian Lineage 2 strains were associated with
increased risk of transmission overall (Relative Risk [95% Cl] = 1.24 [1.07, 1.45]), while West African
Lineage 5 and 6 strains were associated with reduced transmission (Relative Risk [95% Cl] = 0.61 [0.43,
0.86]). We used the following formula to calculate a TB strain prevalence-weighted risk of transmission
based on these estimates:

n
z Pr,RR; i=TB strain; Pr=proportion; RR=relative risk
i=1
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Multidrug-resistant tuberculosis, extensively drug-resistant tuberculosis, and drug-
susceptible tuberculosis
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Input data

Input data include: (i) the number of drug-resistant cases by type (multidrug-resistant tuberculosis
[MDR-TB], extensively drug-resistant tuberculosis [XDR-TB], all TB cases with a drug-susceptible testing
[DST] result for isoniazid and rifampicin, and MDR-TB cases with DST for second-line drugs) from routine
surveillance and surveys reported to the World Health Organization, (ii) data from studies (identified
through our systematic review) reporting on the relative risk of death in MDR-TB cases compared with
non-MDR TB (drug-susceptible TB) cases, and the relative risk of death in XDR-TB cases compared with
MDR-TB cases, and (iii) the risk of MDR-TB associated with HIV infection from the literature.!

Modelling strategy

We conducted a systematic review and meta-analysis of studies reporting the relative risk of death in
MDR-TB cases compared with drug-susceptible TB cases. We ran spatiotemporal Gaussian process
regressions to predict the proportions of new TB cases with MDR-TB, proportions of retreated TB cases
with MDR-TB, and proportions of retreated cases among all TB cases for all locations and years. We also
calculated the proportions of new TB cases among all TB cases. We then computed the weighted
average of the proportions of new and retreated cases with MDR-TB at the 1,000-draw level. We then
used the weighted average proportions of MDR-TB, along with the HIV-TB and TB no-HIV incidence
estimates (from our modeling of non-fatal TB), and the relative risk of MDR-TB associated with HIV
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infection from the literature! to compute the proportions of MDR-TB cases among HIV-negative TB cases
(PMDRnoH,VC,y,a,S) by location, year, age, and sex using the following formula:
MDR

¢y

HIVTB;y o5
1+ (RRHIV lec,y@,s) TBTI.OHIVC’y’a,S

PMDRnoHIVc,y,a,s = (

where MDR_ ,, is the number of all MDR-TB cases among HIV-positive and HIV-negative individuals by
location and year, RRy;y is the relative risk of MDR-TB associated with HIV infection, HIVTB_,, , s is the
number of HIV-TB incident cases by location, year, age, and sex, and TBnoHIV; ,, 4 s is the number of TB
no-HIV incident cases by location, year, age, and sex.

We then computed the fraction of MDR-TB deaths among all HIV-negative TB deaths (Dyprnonive,y,a,s)
using the following formula:
PMDRnoHIVc,y,a,sRRMDR

D =
MDRnoHIVc¢,y,a,s P RR 2
MDRnoHIVc,y,a,s MDR 1 MDRnoHIVc,y,a,s

where RRypg is the relative risk of death in MDR-TB cases compared with drug-susceptible TB cases.
We then applied the predicted fractions of MDR-TB deaths among HIV-negative TB deaths to our
CODEm TB death estimates to generate MDR-TB deaths by location, year, age, and sex. Next, we
subtracted MDR-TB deaths from all TB deaths to generate drug-susceptible TB deaths by location, year,
age, and sex.

To separate out XDR-TB from MDR-TB, we aggregated the XDR-TB cases and MDR-TB cases (with DST for
second-line drugs) up to the super-region level and calculated the super-region-level proportions of
XDR-TB among MDR-TB cases. Next, we computed the super-region-specific fractions of XDR-TB deaths
among all MDR-TB deaths (Dxpgsy) using the following formula:

PXDRSTRRXDR

Dyprsr =
" PxprsrRRxpr + 1 — Pxprsr

where Pyprsr is the proportion of XDR-TB among MDR-TB cases for each super-region, and RRypg is
the pooled relative risk of mortality in XDR-TB cases compared with MDR-TB cases. These fractions were
then applied to MDR-TB deaths in corresponding countries within the super-regions to produce XDR-TB
deaths by location, age, and sex for the most recent year of estimation. We linearly extrapolated XDR-TB
mortality rates back, assuming the mortality rates were zero in 1992, one year before 1993 when XDR-
TB was first recorded in USA surveillance data.? Finally, we subtracted XDR-TB deaths from MDR-TB
deaths to generate MDR-TB (without extensive drug resistance) deaths by location, year, age, and sex.
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Input data

Cause of death

Lower respiratory infection (LRI) mortality was estimated in CODEm. We estimated LRI mortality
separately for males and females and for children under 5 years and older than 5 years. We used all
available data from vital registration systems, surveillance systems, and verbal autopsy (Table 1). We
checked for and excluded outliers from our data by country or region. We also excluded ICD9-coded
mortality data in Sri Lanka (1982, 1987-1992), ICD9-coded neonatal mortality data in Guatemala (1980,
1981, 1984, 2000-2004), and medically coded cause of death data (MCCD) and Civil Registration System
data in many Indian states (1986-2013).
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Table 1. Summary of cause-specific mortality modelling input data.

Input data GBD 2017

Total data sources 19,827 geography-years
Vital registration data 17,374 geography-years
Sample registration data 740 geography-years
Verbal autopsy data 1,153 geography-years
Surveillance 560 geography-years

Figure 1. The number of geography-years of LRI mortality data by GBD geography is shown
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Aetiologies

We updated our systematic review of scientific literature for the proportion of LRI that tested positive
for influenza and respiratory syncytial virus (RSV) to include all data from GBD 2016 and from studies
published between January 1, 2016 and May 26, 2017. We performed the search using PubMed and the
following search string:

(“lower respiratory”[title/abstract] OR pneumonia[title/abstract]) AND (2016/01/01[PDat] :
2017/12/31[PDat]) AND (incidence OR prevalence OR epidemiology OR etiolog*[title/abstract] OR
influenza[title/abstract] OR “respiratory syncytial virus”[title/abstract]) AND Humans[MeSH Terms]

NOT(autoimmune[title/abstract] OR COPD [title/abstract] OR “cystic fibrosis”[title/abstract] OR
Review[ptyp])

Inclusion criteria were studies that had a sample size of at least 100, studies that were at least one year
in duration, and studies describing lower respiratory infections, pneumonia, or bronchiolitis as the case
definition. During our literature review we identified 595 studies, of which 75 met our inclusion criteria
and were extracted. We excluded studies that described pandemic H1N1 influenza solely and studies
that used influenza-like illness as the case definition. We assigned an age range based on the
prevalence-weighted mean age of LRI in the appropriate year/sex/location if the ages of the study
participants were not reported.

We also conducted a systematic literature review of studies on the Hib vaccine and PCV effectiveness
studies against X-ray-confirmed pneumonia and against pneumococcal and Hib disease until May 2017.
For PCV studies, we extracted, if available, the distribution of pneumococcal pneumonia serotypes and
the serotypes included in the PCV used in the study. No new studies were identified for GBD 2017. We
excluded observational and case-control studies due to implausibly high vaccine efficacy estimates. Hib
trial data were exclusively from children <5 years, so we did not include the effect of Hib on ages over 5
years of age. PCV trial data are also frequently limited to younger populations. To understand the
contribution of pneumococcal pneumonia in older populations, we also included PCV efficacy studies
that used before-after approaches.

Modelling strategy
Cause of death. We used country-level covariates to inform our CODEm models (Table 2). We evaluated
our LRI cause of death models using in and out of sample predictive performance.

Like all models of mortality in GBD, LRI mortality models are single-cause, requiring in effect that the
sum of all mortality models must be equal to the all-cause mortality envelope. We correct LRI mortality
estimates, and other causes of mortality, by rescaling them according to the uncertainty around the
cause-specific mortality rate. This process is called CoDCorrect and is essential to ensure internal
consistency among causes of death.

Table 2. Covariates used in LRI mortality modelling. Table 2A is for children under 5 and Table 2B
shows the covariates used for ages 5-95+. The Level is the associated strength of relationship between
the covariate and LRI mortality, ranked from 1 (proximally related) to 3 (distally related). The direction is
the forced direction of the association between the covariate and LRI mortality.
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Table 2A. Covariates used in under 5 years model

Level

Covariate

Direction

Childhood stunting SEV

+

Childhood underweight SEV

Childhood wasted SEV

Indoor air pollution

Short gestation SEV

Low weight gestation

LRI summary exposure variable

Second-hand smoking prevalence

+ |+ [+ [+ ||+ |+

Antibiotics for LRI

Hib vaccine coverage

Pneumococcal conjugate vaccine coverage

Discontinued breastfeeding SEV

Vitamin A deficiency

Zinc deficiency

DTP3 vaccine coverage

Healthcare access and quality index

Outdoor air pollution (PM2.s)

Population density > 1000/km?

Sanitation SEV

Handwashing

LDI per capita

Maternal education

Socio-demographic Index

Table 2B. Covariates used in 5-95+ years model

Level

Covariate

Direction

Indoor air pollution

LRI summary exposure variable

Outdoor air pollution

Secondhand smoking prevalence

Smoking prevalence

+ |+ [+ [+ |+

DTP3 vaccine coverage

Healthcare access and quality index

Mean BMI

Pneumococcal conjugate vaccine coverage

Handwashing

Education years per capita

LDI per capita

Socio-demographic Index

Alcohol consumption

Sanitation summary exposure variable
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Aetiologies

We estimated LRI aetiologies separately from overall LRI mortality using two distinct counterfactual
modelling strategies to estimate population attributable fractions (PAFs), described in detail below. The
PAF represents the relative reduction in LRI mortality if there was no exposure to a given aetiology. As
LRIs can be caused by multiple pathogens and the pathogens may co-infect, PAFs can overlap and add
up to more than 100%. Separate strategies were used for viral — influenza and respiratory syncytial virus
(RSV) — and bacterial — Streptococcus pneumoniae and Haemophilus influenzae type B — aetiologies. We
did not attribute aetiologies to neonatal pneumonia deaths due to a dearth of reliable data in this age
group. We calculated uncertainty of our PAF estimates from 1,000 draws of each parameter using
normal distributions in log space.

Influenza and RSV. We calculated the population attributable fraction (PAF) from the proportion of
severe LRI cases positive for influenza and RSV. We assumed that hospitalised LRI cases are a proxy of
severe cases. We used the following formula to estimate PAF:!

PAF = Proportion * (1-1/OR)

Where Proportion is the proportion of LRI cases that test positive for influenza or RSV and OR is the odds
ratio of LRI given the presence of the pathogen. We used an odds ratio of 5.1 (3.19-8.14) for influenza
and 9.79 (4.98-19.27) for RSV from a recently published meta-analysis.?

We modelled the proportion data using the meta-regression tool DisMod-MR to estimate the
proportion of LRI cases that are positive for influenza and RSV, separately, by location/year/age/sex. We
accounted for study-level covariates in our models such as PCR as the diagnostic technique, studies that
investigated RSV or influenza exclusively, and studies from inpatient populations.

As the case-fatality of viral causes of pneumonia is lower than for bacterial causes, we adjusted for
differential case-fatality by determining the aetiological fractions for mortality attributable to RSV and
influenza (Table 3). We measured the aetiologic fractions by applying a relative case-fatality adjustment
based on in-hospital case-fatality, which we coded to specific pneumonia aetiologies. Hospital
admissions data of this type were limited to data from Austria, Brazil, Chile, China, Ecuador, Italy, Kenya,
Mexico, New Zealand, the Philippines, Portugal, and the United States. We generated the pooled
estimate of the case-fatality differential between bacterial (pneumococcus, Hib) and viral aetiologies
(RSV, influenza) using DisMod-MR to determine an age pattern for this ratio.

Pneumococcal pneumonia and Hib. For Streptococcus pneumoniae (pneumococcal pneumonia) and
Haemophilus influenzae type B (Hib), we calculated the population attributable fraction using a vaccine
probe design.>* The ratio of vaccine effectiveness against nonspecific pneumonia to pathogen-specific
disease represents the fraction of pneumonia cases attributable to each pathogen.

To estimate the PAF for Hib and pneumococcal pneumonia, we calculated the ratio of vaccine
effectiveness against nonspecific pneumonia to pathogen-specific pneumonia (Equations 1 and 3). We
estimated a study-level estimate of PAF from a meta-analysis of these ratios. To estimate the PAF for
Hib, we only used randomised controlled trials because of implausibly high values of vaccine efficacy in
case-control studies. To estimate the PAF for pneumococcal pneumonia, we included RCTs and before
and after vaccine introduction longitudinal studies.
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We adjusted the study-level PAF estimate by vaccine coverage and expected vaccine performance to
estimate country- and year-specific PAF values. For pneumococcal pneumonia, we adjusted the PAF by
the final Hib PAF estimate and by vaccine serotype coverage. Finally, we used an age distribution of PAF
modelled in DisMod to determine the PAF by age. Because of an absence of data describing vaccine
efficacy against Hib in children older than 2 years, we did not attribute Hib to episodes of LRI in ages 5
years and older.

We used a vaccine probe design to estimate the PAF for pneumococcal pneumonia and (Hib) by first
calculating the ratio of vaccine effectiveness against nonspecific pneumonia to pathogen-specific
pneumonia at the study level (Equations 1 and 2).3 We then adjusted this estimate by vaccine coverage
and expected vaccine performance to estimate country- and year-specific PAF values (Equations 3 and
4).

1) HibPAFgy, = 1 — LLEneumonia
VEHip

VEpneumonia *(1-PAFgip*VEHp Optimal)

2) PneumoPAFgue =1 —

VESstreptococcus*COVserotype

3) PAF,;, = PAF " (1-Covhib*VEgib optimal)
Hib = B
tb aS€ "~ (1-PAFpase*Covhip*VEHip optimal)

PAFpgse*(1-Covpcy*VEpcy optimal)
PAFpgseCovpcy*VEpcy optimal >
1-PAFyp+Covyp*VEgp Optimal)

4) PAFppeumo =

(1—PAFHib*COVHib*VEHibOptimal)*<1 (

Where VEp eumonia iS the vaccine efficacy against nonspecific pneumonia, VEy;;, is the vaccine efficacy
against invasive Hib disease, VEgireptococcus IS the vaccine efficacy against serotype-specific
pneumococcal pneumonia, CoVserorype is the serotype-specific vaccine coverage for PCV,°

VEuip optimar 1S the Hib effectiveness in the community (0.8)”, PAFy;), is the final PAF for Hib, Covpy is
the PCV coverage, Covy;y, is the Hib coverage by country, and VEpcy gptimai iS the vaccine effectiveness
in the community (0.8).2

For Hib, we assumed that the vaccine efficacy against invasive Hib disease is the same against Hib
pneumonia. For pneumococcal pneumonia, a recent study in adults® found that the vaccine efficacy
against invasive pneumococcal disease may be significantly higher than against pneumococcal
pneumonia. We used this ratio to adjust estimates of vaccine efficacy against invasive pneumococcal
disease from other studies. However, recognising that the study is unique in that it uses a urine antigen
test among adults, we added uncertainty around our adjustment using a wide uniform distribution
(median 0.65, 0.3—1.0). This has increased the estimates of pneumococcal pneumonia mortality in a
meaningful way.

The only substantive changes to the cause of death estimation for LRI in GBD 2017 were the addition of
new cause of death data and inclusion of several additional covariates. The ratio of mortality in bacterial
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to viral aaetiologies was updated for GBD 2017 and the new results substantively increase the
attribution of influenza and RSV to LRI deaths.

Table 3: The median values for the ratio of viral to bacterial pneumonia case fatality ratio by age is
shown. These estimates are modelled using hospital-based, ICD-coded admissions and mortality for
aetiology-specified pneumonia. Values in parentheses represent 95% uncertainty interval.

Age Group Ratio

Early Neonatal 0.59 (0.36-0.84)
Late Neonatal 0.58 (0.37-0.84)
Post Neonatal 0.58 (0.41-0.77)
lto4d 0.69 (0.64-0.74)
5to9 0.85 (0.77-0.93)
10to 14 0.84 (0.79-0.89)
15to0 19 0.83 (0.78-0.87)
20to 24 0.82 (0.77-0.87)
251029 0.82 (0.78-0.86)
30to 34 0.82 (0.79-0.85)
35t0 39 0.82 (0.8-0.85)
40to 44 0.82 (0.8-0.85)
45 to 49 0.82 (0.8-0.85)
50 to 54 0.82 (0.79-0.85)
55 to 59 0.82 (0.79-0.86)
60 to 64 0.82 (0.79-0.86)
65 to 69 0.82 (0.8-0.85)
70to 74 0.82 (0.79-0.85)
75t0 79 0.82 (0.78-0.85)
80to 84 0.83 (0.8-0.87)
85to 89 0.86 (0.83-0.89)
90 to 94 0.89 (0.85-0.93)
95 to 99 0.92 (0.86-0.97)
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Input Data and Methodological Summary for Upper Respiratory Infections

Input data

Vital registration and surveillance data from the cause of death database were used. Outliers were
identified by systematic examination of data points. Data points that violated well-established age or
time trends, were inconsistent with other country- or region-specific points, or that resulted in
extremely high or low mortality rates were determined to be outliers.

Modelling strategy

A generic CODEm approach was used to estimate mortality due to upper respiratory infections (URI) in
GBD 2017. In GBD 2016, mortality from URI was modelled using a negative binomial regression. It was
determined that a negative binomial regression was an appropriate approach for estimating URI due to
a small number of deaths due to URI in the cause of death database. However, due to changes in how
we redistribute cause of death codes, more deaths were attributed to URI in the COD database and thus
it was determined that a generic CODEm approach is feasible for estimating URI mortality in GBD 2017.
The covariates used are displayed below.

Level Covariate Direction
1 Smoking prevalence +
Indoor pollution +
Outdoor pollution N
2 (PM2s)
Healthcare Access
and Quality Index ¥
SDI -
3 LDI -
Education (years per
capita) i
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Otitis Media
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Input Data and Methodological Summary for Otitis Media
Input data

Vital registration, verbal autopsy, and surveillance data were used. Outliers were identified by
systematic examination of data points. Data points that violated well-established age or time trends,
were inconsistent with other country- or region-specific points, or that resulted in extremely high or
low mortality rates were determined to be outliers.

Modeling strategy
A general CODEm modelling strategy was used. There were no substantive changes from GBD 2016 in
terms of modelling strategy. The covariates used are displayed below.

Level Covariate Direction
Otitis SEV +
! Smoking prevalence +
Indoor pollution +
) Healthcare Access and Quality i
Index
Outdoor pollution (PM35s) +
SDI -
3 LDI -

Education (years per capita) -
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Diarrhoeal Diseases
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Input data

Cause of death. We used all available data from vital registration systems, surveillance systems
and verbal autopsy (Table 1 and Figure 1). We checked for and excluded outliers from our data
by country or region. We also excluded early neonatal mortality data in the Philippines (1994—
1998) and India Civil Registration System data and medically certified cause of death (MCCD)
data in all states (1986—-2013).

Aetiologies. We conducted a systematic literature review for the proportion of diarrhoea cases
that tested positive for each aetiology. We updated our review of literature to include studies
published between January 2016 and May 2017. The search was performed in PubMed using
the following search string:

(diarrhoealtitle/abstract] OR diarrhealtitle/abstract]) AND ( 2016/01/01:2017/12/31[PDat])
AND Humans[MeSH Terms] AND (incidence[title/abstract] OR prevalence][title/abstract] OR
epidemiology([title/abstract] OR salmonella[title/abstract] OR aeromonad*[title/abstract] OR
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shigell*[title/abstract] OR enteropathogenic[title/abstract] OR enterotoxigenic[title/abstract]

OR campylobacter[title/abstract] OR amoebiasis[title/abstract] OR entamoeb*[title/abstract]

OR cryptosporid*[title/abstract] OR rotavirus[title/abstract] OR norovirus[title/abstract] OR

adenovirus|[title/abstract] OR etiology|[title/abstract]) NOT (appendicitis[title/abstract] OR
esophag*[title/abstract] OR surger*[title/abstract] OR gastritis[title/abstract] OR
liver[title/abstract] OR case report[title] OR case-report[title] OR therapy[title] OR
treatment([title] Crohn[title/abstract] OR “inflammatory bowel”[title/abstract] OR
irritable[title/abstract] OR travel*[title] OR Outbreak]title] OR Review[ptyp] OR
vomiting[title/abstract)

Inclusion criteria included diarrhoea as the case definition, studies with a sample size of at least
100, and studies with at least one year of follow-up. We excluded studies that reported on
diarrhoeal outbreaks exclusively and those that used acute gastroenteritis with or without
diarrhoea. We identified 225 studies, of which 51 met our criteria of inclusion and were
included. We extracted data points for location, sex, year, and age. We assigned an age range
based on the prevalence-weighted mean age of diarrhoea in the appropriate year/sex/location
if the age of the study participants was not reported.

We used the Global Enteric Multicenter Study (GEMS), a seven-site, case-control study of
moderate-to-severe diarrhoea in children under 5 years,* to calculate odds ratios for the
diarrhoeal pathogens based on a molecular diagnostic case definition.

For GBD 2017, we added an additional 40,000 stool samples analyzed using quantitative
polymerase chain reaction (QPCR) from The Etiology, Risk Factors, and Interactions of Enteric
Infections and Malnutrition and the Consequences for Child Health and Development Project
(MAL-ED) study to the roughly 10,000 samples from the GEMS reanalysis.>™®

Modelling strategy

Cause of death. Diarrhoeal disease mortality was estimated in the Cause of Death Ensemble
modelling platform (CODEm). We estimated diarrhoea mortality separately for males and
females and for children under 5 years and older than 5 years. We used country-level covariates
to inform our CODEm models (Table 2). We evaluated our diarrhoeal disease cause of death
models using in and out of sample predictive performance.

Aetiologies. We estimated diarrhoeal disease aetiologies independently from overall diarrhoea
mortality using a counterfactual strategy for enteric adenovirus, Aeromonas, Entamoeba
histolytica (amoebiasis), Campylobacter, Cryptosporidium, typical enteropathogenic Escherichia
coli (t-EPEC), enterotoxigenic Escherichia coli (ETEC), norovirus, non-typhoidal salmonella
infections, rotavirus, and Shigella. Vibrio cholerae and Clostridium difficile were modelled
separately.

Diarrhoeal aetiologies are attributed to diarrhoeal deaths using a counterfactual approach. We
calculated a population attributable fraction (PAF) from the proportion of severe diarrhoea
cases that are positive for each aetiology. The PAF represents the relative reduction in
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diarrhoea mortality if there was no exposure to a given aetiology. As diarrhoea can be caused
by multiple pathogens and the pathogens may co-infect, PAFs can overlap and add up to more
than 100%. We calculated the PAF from the proportion of severe diarrhoea cases that are
positive for each aetiology. We assumed that hospitalised diarrhoea cases are a proxy of severe
and fatal cases. We used the following formula to estimate PAF:’

1
PAF =P ti 1-—
roportion * (

Where Proportion is the proportion of diarrhoea cases positive for an aetiology and OR is the
odds ratio of diarrhoea given the presence of the pathogen.

We dichotomised the continuous qPCR test result using the value of the cycle threshold (Ct)
that most accurately discriminated between cases and controls. The Ct values range from 0 to
35 cycles representing the relative concentration of the target gene in the stool sample. A low
value indicates a higher concentration of the pathogen while a value of 35 indicates the
absence of the target in the sample. We used the lower Ct value when we had multiple Ct
values for the cutpoint. The case definition for each pathogen is a Ct value that is below the
established cutoff point.

We used a mixed effects conditional logistic regression model to calculate the odds ratio for
under 1 year and 1-4 years old for each of our pathogens. The stool samples from cases and
controls in GEMS were used exclusively to calculate these odds ratios as we assumed that the
association between pathogens and moderate-to-severe diarrhoea is a proxy for fatal
outcomes. The odds ratio for 1-4 years was applied to all GBD age groups over 5 years. There
were three pathogen-age odds ratios that were not statistically significant: Aeromonas and
Amoebiasis in under 1 year and Campylobacter in 1-4 years. The mean value of the odds ratio
was above 1 in all three cases so we transformed the odds ratios for these three exceptions
only in log-space such that exponentiated values could not be below 1. The transformation was:

Od(ds ratio = exp(log(OR) — 1)) + 1

We modelled the proportion data using the meta-regression tool DisMod-MR to estimate the
proportion of positive diarrhoea cases for each separate aetiology by location/year/age/sex and
to adjust for the covariates.

We used the estimated sensitivity and specificity of the original laboratory diagnostic test
results from the pooled GEMS and MALED gPCR stool samples compared to the qPCR test result
to adjust our proportion before we computed the PAF:2

(Proportionppservea + Specificity — 1)

Proportionyy, =
roportionrrye (Sensitivity + Specificity — 1)

We used this correction to account for the fact that the proportions we used are based on a
new test that is not consistent with the laboratory-based case definition (qPCR versus GEMS
conventional laboratory testing for pathogens).® Because differences in the type of PCR used in
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the original (non-reference qPCR diagnostic) between GEMS and MALED in detecting norovirus,
we combined the sensitivity and specificity results for norovirus such that 50% of the draws
were coming from GEMS test results exclusively and 50% of the draws were coming from
MALED test results exclusively. Additionally, because the original laboratory diagnostic
technique used for Campylobacter in MALED was one not commonly used, we only used GEMS
to determine the sensitivity and specificity of bacterial culture compared to gPCR in detecting
Campylobacter.'®

Our literature review extracted the proportion of any enteropathogenic Escherichia coli (EPEC)
without differentiating between typical (tEPEC) and atypical (aEPEC). In order to be consistent
with the odds ratios that we obtained, we adjusted our proportion estimates of any EPEC to
typical EPEC only. This adjustment was informed by a subset of our literature review that
reported both atypical and typical EPEC. We estimated a ratio by super-region of tEPEC to any
EPEC and adjusted our proportion estimates accordingly. We found that the majority of EPEC
diarrhoea cases were positive for atypical EPEC, consistent with other published work.'!

For Vibrio cholerae (cholera), we used the literature review to estimate expected number of
cholera cases for each country-year using the incidence of diarrhoea, estimated using DisMod-
MR, and the proportion of diarrhoea cases that are positive for cholera. We assigned cholera
PAF using odds ratios from the gPCR results to estimate a number of cholera-attributable cases.
We compared this expected number of cholera cases to the number reported to the World
Health Organization at the country-year level.!> We modelled the underreporting fraction to
correct the cholera case notification data for all countries using health system access and the
diarrhoea SEV scalar to predict total cholera cases. We used the age-specific proportion of
positive cholera samples in DisMod and our incidence estimates to predict the number of
cholera cases for each age/sex/year/location. Finally, we modelled the case fatality ratio of
cholera using DisMod-MR and to estimate the number of cholera deaths.

For Clostridium difficile, we modelled incidence and mortality in DisMod-MR for each age, sex,
year, location. DisMod-MR is a Bayesian meta-regression tool that uses spatiotemporal
information as priors to estimate prevalence, incidence, remission, and mortality for
Clostridium difficile infection. DisMod-MR uses a compartmental model to relate prevalence,
incidence, remission, and mortality. We set remission in our model to 1 month.
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Table 1. Cause-specific mortality input data.

Input data GBD 2017

Total data sources 19,665 geography-years
Vital registration data 17,734 geography-years
Sample registration data 740 geography-years
Verbal autopsy data 1,042 geography-years
Surveillance data 509 geography-years

Figure 1. Number of geography-years of mortality data used in diarrhoea mortality modelling
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Table 2. The covariates used in diarrhoea mortality modelling. Table 2A shows the covariates
used in the 0-4 years model and Table 2B shows the covariates used in the 5-95+ years model.
The Level represents the strength of the association between the covariate and diarrhoea
mortality from 1 (proximally related) to 3 (distally related). The Direction indicates the positive
or negative association between the covariate and diarrhoea mortality.

Table 2A. The covariates used in the 0-4 years model

Level Covariate Direction
Diarrhoea SEV +
Childhood stunting SEV
Sanitation SEV

Water SEV

Childhood underweight SEV
1 Childhood wasting SEV
Short gestation SEV

Low weight gestation SEV
Oral rehydration solution treatment -
Safe sanitation -
Safe water -
Vitamin A deficiency
Zinc deficiency

2 Healthcare access and quality index -
Rotavirus vaccine -
Zinc treatment for diarrhoea -
Breastfeeding SEV +
Handwashing -
LDI per capita -

+ |+ |+ [+ ||+ |+

3 Maternal education years -
Socio-demographic Index
Population density < 150/km2 0
Population density > 1000/km2 0

Table 2B. The covariates used in the 5-95+ years model.
Level Covariate Direction

Diarrhoea summary exposure variable +
Safe sanitation summary exposure variable +

1 Safe water summary exposure variable +

Improved sanitation -
Improved water -
Healthcare access and quality index -
Rotavirus vaccine coverage -
Education years per capita -
LDI per capita -
3 Mean BMI _
Socio-demographic Index -
Population density greater than 1000/km? 0
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Input data
Our CODEm model used all available data in the cause of death database from data-rich countries. No

data were outliered for this cause. For the natural history model, our incidence dataset included a
combination of data from prospective cohort studies and national surveillance systems. Similarly, data
on proportions due to typhoid and paratyphoid included a combination of prospective cohort studies
and national surveillance systems. Case fatality data were from national surveillance systems and
hospital databases.

Modelling strategy

We model typhoid deaths using a hybrid modelling strategy with two components: 1) for data-rich
locations we estimate typhoid mortality using a CODEm model of CoD data; and 2) in all other locations
(i., not data-rich) we use a natural history model in which we derive deaths as the product of cases and

case fatality.

The CODEm model included six covariates:

Level Covariate Direction
1 Sanitation (proportion with access) -
Improved water source (proportion of the population with access) -
Proportion of the population living in the Indian Ocean monsoon belt +
SEV unsafe water +
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SEV unsafe sanitation +

2 Healthcare access and quality index -

For the natural history model, we first model total incidence of typhoid and paratyphoid combined.
Second, we model the proportion of this total due to typhoid and the proportion due to paratyphoid.
Third, we estimate case fatality by age and national income category for typhoid and paratyphoid
combined. Fourth, we use data on the relative fatality of typhoid and paratyphoid to split the joint case
fatality estimates into typhoid- and paratyphoid-specific case fatality estimates. Finally, we estimate
cause-specific mortality rates as the product of incidence and case fatality.

Total incidence was modelled using DisMod-MR 2.1, using the proportion of the population with access
to clean water, and the proportion of the population living in the Indian Ocean monsoon belt as
covariates. We performed a crosswalk using a study-level covariate indicating sources that were based
on passive versus active surveillance, with active surveillance as the reference. This adjusts for
incomplete case capture by passive surveillance. Incidence data were inflated to account for poor
diagnostic sensitivity, based on a meta-analysis of the sensitivity of blood culture, the most common
diagnostic used for typhoid. Similarly, we used two DisMod models to estimate aetiologic proportions:
one for the proportion of total incidence due to typhoid, and one for the proportion due to paratyphoid.

Case fatality data were too limited to allow for a complete DisMod model, or to allow for varying
estimates by time and space. We had sufficient data, however, to estimate case fatality by age and by
three categories of national income. We used DisMod to extract a global age-pattern in case fatality, and
meta-regression to estimate the mean case fatality by income category. Finally, we estimated the
relative risk of death from typhoid relative to paratyphoid based on data from Chinese surveillance and
used that relative risk to estimate case fatality separately for typhoid and paratyphoid, by age and
income.

Finally, we estimated typhoid mortality as the product of total incidence, the proportion of the total due
to typhoid, and case fatality for typhoid. We propagated uncertainty through every step of the
modelling process by pulling 1,000 draws from the distribution of each model component (eg, incidence,
proportion due to typhoid, overall case fatality, case fatality age pattern, relative fatalness of typhoid
versus paratyphoid), and performing all calculations at the draw level.

For GBD 2016 we estimated typhoid mortality in all locations using a natural history model, and the

introduction of the data-rich CODEm estimates is a new improvement for GBD 2017. We have made no
substantive changes to our natural history modelling strategy between GBD 2016 and 2017.
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Our CODEm model used all available data in the cause of death database from data-rich countries. No
data were outliered for this cause. For the natural history model, our incidence dataset included a
combination of data from prospective cohort studies and national surveillance systems. Similarly, data
on proportions due to typhoid and paratyphoid included a combination of prospective cohort studies
and national surveillance systems. Case fatality data were from national surveillance systems and

hospital databases.

Modelling strategy

We model paratyphoid deaths using a hybrid modelling strategy with two components: 1) for data-rich
locations we estimate paratyphoid mortality using a CODEm model of CoD data; and 2) in all other
locations (ie, not data-rich) we use a natural history model in which we derive deaths as the product of

cases and case fatality.

The CODEm model included six covariates:

Level Covariate Direction
1 Sanitation (proportion with access) -
Improved water source (proportion of the population with access) -
Proportion of the population living in the Indian Ocean monsoon belt +
SEV unsafe water +
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SEV unsafe sanitation +

2 Healthcare access and quality index -

For the natural history model, we first model total incidence of typhoid and paratyphoid combined.
Second, we model the proportion of this total due to typhoid and the proportion due to paratyphoid.
Third, we estimate case fatality by age and national income category for typhoid and paratyphoid
combined. Fourth, we use data on the relative fatality of typhoid and paratyphoid to split the joint case
fatality estimates into typhoid- and paratyphoid-specific case fatality estimates. Finally, we estimate
cause-specific mortality rates as the product of incidence and case fatality.

Total incidence was modelled using DisMod-MR 2.1, using the proportion of the population with access
to clean water, and the proportion of the population living in the Indian Ocean monsoon belt as
covariates. We performed a crosswalk using a study-level covariate indicating sources that were based
on passive versus active surveillance, with active surveillance as the reference. This adjusts for
incomplete case capture by passive surveillance. Incidence data were inflated to account for poor
diagnostic sensitivity, based on a meta-analysis of the sensitivity of blood culture, the most common
diagnostic used for typhoid. Similarly, we used two DisMod models to estimate aetiologic proportions:
one for the proportion of total incidence due to typhoid, and one for the proportion due to paratyphoid.

Case fatality data were too limited to allow for a complete DisMod model, or to allow for varying
estimates by time and space. We had sufficient data, however, to estimate case fatality by age and by
three categories of national income. We used DisMod to extract a global age-pattern in case fatality, and
meta-regression to estimate the mean case fatality by income category. Finally, we estimated the
relative risk of death from typhoid relative to paratyphoid based on data from Chinese surveillance and
used that relative risk to estimate case fatality separately for typhoid and paratyphoid, by age and
income.

Finally, we estimated paratyphoid mortality as the product of total incidence, the proportion of the total
due to paratyphoid, and case fatality for paratyphoid. We propagated uncertainty through every step of
the modelling process by pulling 1,000 draws from the distribution of each model component (eg,
incidence, proportion due to typhoid, overall case fatality, case fatality age pattern, relative fatalness of
typhoid versus paratyphoid), and performing all calculations at the draw level.

For GBD 2016 we estimated paratyphoid mortality in all locations using a natural history model, and the

introduction of the data-rich CODEm estimates is a new improvement for GBD 2017. We have made no
substantive changes to our natural history modelling strategy between GBD 2016 and 2017.
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Incidence estimates for the natural history model are modelled using an incidence dataset based
principally on prospective cohort studies and facility-based surveillance. Similarly, data on case fatality
and co-infection come from prospective cohort studies and facility-based surveillance.

Modelling strategy

We model iNTS deaths using a natural history model in which we derive deaths as the product of cases
and case fatality. Incidence was modelled using DisMod-MR 2.1, using the HIV mortality rate, malaria
incidence adjusted for antimalarial coverage and drug effectiveness, and the summary exposure value
(SEV), unsafe water, as covariates. We estimated the relative risk of INTS comparing people with HIV to
those without using a negative binomial model with log-age and log of the summary exposure value
(SEV) for water as predictors. We used the resulting relative risk estimates and HIV prevalence estimates
to calculate the proportion of iNTS that was attributable to HIV in each location, year, age and sex. Using
these proportions, we divided iNTS cases into those that were attributable to HIV and those that were
not. We modelled case fatality by age and Socio-demographic Index (SDI) separately for those with and
without HIV using a generalised additive model, parameterising age with P-splines, and estimated
mortality as the product of incidence and case fatality. Where iNTS occurs among those with HIV, we
assume that iNTS is an opportunistic infection and that HIV is therefore the underlying cause of death.
We therefore estimate deaths with iNTS as the underlying cause as total iNTS deaths times the
proportion of cases not attributable to HIV. iNTS is a new cause for GBD 2017.
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Other Intestinal Infectious Diseases
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Input data

We modelled other intestinal infectious disease mortality using all available data in the cause of death
database. Data points were outliered if they reported an improbable number of deaths or if their
inclusion in the model yielded distorted trends. In some cases, multiple data sources for the same
location differed dramatically both in their quality and reported other intestinal infectious disease
mortality (eg, a verbal autopsy and vital registration source). In these cases the lower-quality data
source was outliered.

Modelling strategy

We modelled other intestinal infectious disease mortality using a custom binomial model of all data in
the CoD database. We used the number of cause-specific deaths as the outcome, with the all-cause
mortality envelope as the exposure term. We included the square root of Socio-demographic Index, age
group, and sex as covariates, and included a random effect on region

We have made no substantive changes to the modelling strategy in 2017.
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Input data and methodological summary for malaria

Overview

Variability in the type and abundance of CoD and related data meant that three distinct approaches
were developed to estimate malaria mortality due to (i) Plasmodium falciparum inside sub-Saharan
Africa; (ii) P. falciparum outside sub-Saharan Africa; and (iii) P. vivax in countries without Falciparum
malaria.

Input data

For the Outside of sub-Saharan Africa and P. vivax models, data included vital registration, verbal
autopsy, and surveillance data from the cause of death (CoD) database. Unlike other causes of death,
we did not redistribute deaths to malaria. For the Africa models, we only used CoD data (mostly verbal
autopsy) where we have been able to successfully geo-reference the site (ie, find associated geographic
coordinates). Systematic literature reviews for malaria were not conducted.

Our outlier criteria excluded data points that (i) were implausibly high or low relative to global or
regional patterns, (ii) substantially conflicted with established age or temporal patterns, or (iii)
significantly conflicted with other data sources conducted from the same locations or locations with
similar characteristics (ie, local Socio-demographic Index).

Modelling strategy
The malaria modelling strategy was carried out in three parts, and the covariates are:

Level Covariate Direction
1 Pf-only incidence 1
1 Effective antimalarial treatment ratio -1
1 Effective antimalarial treatment -1

P. falciparum: sub-Saharan Africa

For most GBD causes, epidemiologic measures may be used as covariates in a traditional CODEm
approach, if at all. To estimate the fatal burden of P. falciparum malaria in Africa, we used
epidemiological measures in our estimation process directly. The Malaria Atlas Project (MAP) at the
University of Oxford has generated updated spatiotemporal “cubes” estimating clinical incidence (rates
and case counts) for each 5x5 km pixel across Africa, by year, from 1980 to 2017, specified by three
broad age bins (0-5, 5-14 and 15+). MAP has also generated an equivalent spatiotemporal prediction of
access to effective antimalarial drugs (combining access to care, the fraction of malaria cases receiving
different classes of antimalarial, and the estimated country-year-specific efficacy of each antimalarial
class though time). This estimated treatment rate was combined with the incidence rate cube to derive
a third cube estimating the incidence of untreated cases at the pixel level.

For each site-year for which CoD malaria cause fraction data were available we (i) estimated a site-year-
specific malaria mortality rate as the product of malaria cause fraction and all-cause mortality rate (with
the latter drawn from national-level values); (ii) divided the malaria mortality rate by the site-year-
specific estimate of untreated malaria incidence rate (drawn from the MAP cube) to estimate a site-
year-specific case fatality rate (CFR) among untreated malaria cases. These derived site-year-specific CFR
values were then used in a mixed-effects regression model to estimate pixel-year CFR for each 5x5 km
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grid cell. The models used the following as covariates: the log of country-year all-cause mortality, pixel-
year night-time lights, accessibility, fractional land-cover classes, and study-specific age and sex, with the
location of each study site as a national-level random effect. Data were weighted by sample size (ie, the
number of all-cause deaths observed in each study site-year).

Pixel-year predictions of CFR were then multiplied by the corresponding untreated incidence rate from
the MAP cube to yield a pixel-year mortality rate estimate, which was then multiplied by pixel-year
population to compute pixel-year malaria death counts. These were then aggregated to yield the
required GBD national or subnational death estimates.

To disaggregate into GBD age bins, we separately ran a traditional national-level CODEm model with
covariates: Pfincidence rate and access to effective antimalarial drugs. The resulting predicted age-
patterns were used to split the country-year mortality estimates proportionally.

P. falciparum: outside of sub-Saharan Africa

In locations outside of sub-Saharan Africa, we continued to use a traditional CODEm approach, mirroring
closely what was used in GBD 2016. The approach was also applied to some countries on the continent
of Africa with either very low incidence or relatively robust routine surveillance systems, including
Algeria, Egypt, Morocco, Comoros, Mauritius, Cape Verde, Sao Tome, Principe, Botswana, Namibia,
Eritrea, Djibouti, and South Africa. The model included the following covariates: Pf incidence rate, access
to effective antimalarial drugs.

P. vivax: countries without P. falciparum transmission

For countries where the main/exclusive strain of malaria was P. vivax, deaths were estimated using a
zero-inflated negative binomial mixed model where the outcome is study deaths. The model included as
fixed effect the logarithm of mortality rate, age, and sex. Locations were included as random effects.

The results from the P. vivax, Outside of Africa, and Africa models were collated, uploaded in CODEm
and marked as best model in order to incorporate the estimation in the CodCorrect algorithm.

References
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Chagas Disease
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We modelled Chagas mortality using all available data in the cause of death database. No data were
outliered for this cause.

Modelling strategy
We modelled Chagas mortality using a two-model hybrid approach: 1) a CODEm model of all Chagas-
endemic countries of Latin America using all data in the CoD database; and 2) estimates of mortality
from imported cases in non-endemic, data-rich countries. Where Chagas deaths were reported in non-
endemic data-rich countries, we produced non-zero estimates by drawing from a beta distribution
defined based on number of reported deaths and the underlying sample size. Estimates of Chagas

mortality in endemic countries were drawn from the CODEm model.

The CODEm models included three covariates:

Level Covariate Direction
1 Chagas prevalence +
2 Healthcare access and quality index -
Socio-demographic Index -

We have made no substantive changes in the modelling strategy from GBD 2016 to GBD 2017 for
Chagas-endemic countries.
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Visceral Leishmaniasis
Visceral leishmaniasis — GBD2017
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Verbal autopsy data

Visceral leishmaniasis (VL) is the most serious manifestation of disease caused by the Leishmania
parasite, transmitted through the bite of phlebotomine sandflies. Those infected typically present with
fever, weight loss, anaemia, leukopenia, thrombocytopenia, and enlargement of the spleen and liver. If
left untreated, it can be fatal. Transmission varies by geographic region, with a variety of reservoir hosts
implicated, and different vector species associated, maintaining both zoonotic and anthroponotic
transmission cycles. The ICD9 code related to visceral leishmaniasis is 085.0, and the ICD10 code is
B55.0.

Description of general methodology

The fatal estimation process for visceral leishmaniasis is built from incident case notification data
representative of the GBD geographic location, which is adjusted for underreporting. The upscaled all-
age, both-sex case counts are modelled using spatiotemporal Gaussian process regression (ST-GPR) in
order to impute for missing location-year combinations as well as to account for further biases and
inaccuracies in reporting. Datasets that disaggregate VL cases by age and sex are modelled using DisMod
to produce a global age-sex split which is applied to the all-age, both-sex envelope estimates resulting
from ST-GPR. The mean incidence estimates are compared with estimated death counts to generate a
case-fatality rate model that is subsequently used to estimate deaths for each age, sex, location, year.

Input Data — Case Notification time series

Current estimation for the all-age, both-sex incidence envelope is based upon location-representative
information rather than site-specific epidemiological measures due to the absence of global foci maps
allowing for upscaling of geographically precise information. The primary data resource therefore is the
case notification time-series reported by National Control Programs and Ministries of Health to the
World Health Organization. This is supplemented by systematic literature review (last updated for GBD
2015) to identify alternate sources of data for years missing information. For countries with subnational
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estimates, in-country collaborators have compiled information for respective programs, or identified key
resources.

Input Data — Underreporting assessments

It is recognised that case notification series record only a subset of the true cases present. A review was
undertaken to identify articles that compared reported cases with alternate measures to estimate the
degree of underreporting. The following search strings were used: ‘leish* AND under*’; ‘active passive
leish*’. Inclusion criteria were broad to maximise spatiotemporal coverage in potential estimates — any
report that compared reported statistics with some notion of “truth” (whether capture-recapture, active
surveillance, etc.) were extracted. Values for both cutaneous and visceral

leishmaniasis were included. For GBD 2017, 12 articles were included, summarised in Table 1.

Input Data — Mortality

Deaths were extracted from a variety of sources, ranging from vital registration (VR) records, to verbal
autopsy (VA) assessments. Deaths assigned to visceral leishmaniasis were processed following central
cause of death processing, outlined elsewhere.
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Citation GBD location Time period | Pathogen | Method synopsis Proportion of
“true” cases
reported

Copeland et al., 1990 “Comparison Guatemala 1990 CL Comparison of Ministry of Health data | 64/2574

of active and passive case detection with cross-sectional population-based

of cutaneous leishmaniasis in survey to inform estimated number of

Guatemala” (Copeland, Arana, and cases

Navin 1990)

Yadon et al. 2001 “Assessment of Argentina 1990-1993 CL Capture-recapture methods were 94/210

Leishmaniasis notification system in used to evaluate four reporting

Santiago del Estero, Argentina, sources.

1990-1993” (Yadon et al. 2001)

Sesma et al. 1997 “Leishmaniasis in | Spain 1990-1997 CL, VL Comparison of active searching within | 8/21

Navarra: a review of activities” the region with reporting via

(Sesma and Barricarte 1997) Epidemiological Surveillance System

Maia-Elkhoury et al. 2007 “Analysis | Brazil 2002-2003 VL Comparison of three notification 5896/10691

of visceral leishmaniasis reports by systems for completeness

the capture-recapture method”

(Maia-Elkhoury et al. 2007)

Singh et al. 2006 “Serious Bihar, India 2003 VL Comparison of actively detected cases | 8/65

underreporting of visceral (identified via household surveys) and

leishmaniasis through passive case governmental health system records.

reporting in Bihar, India” (S. P. Singh Estimate is among study population

et al. 2006)

Singh et al. 2006 “Serious Bihar, India 2003 VL Comparison of actively detected cases | 109/876

underreporting of visceral (identified via household surveys) and

leishmaniasis through passive case governmental health system records.

reporting in Bihar, India” (S. P. Singh

et al. 2006)

Gkolfinopoulou et al. 2013 Greece 2004-2009 VL Comparing number of cases identified | 260/361

“Epidemiology of human
leishmaniasis in Greece, 1981-2011"
(Gkolfinopoulou et al. 2013)

at national reference laboratory with
mandatory notification system.
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Singh et al. 2010 “Estimation of Bihar, India 2006 VL Comparison of actual reported 34/177
under-reporting of Visceral number of cases with estimates age-
Leishmaniasis cases in Bihar India” sex stratified incidence proportions
(V. P. Singh et al. 2010) for a cohort of 31,324 persons
Hirve et al. 2010 “Effectiveness and | Bihar, India 2008 VL Comparing active case detection 111/130
feasibility of active and passive case | Nepal evaluations (conducting via house-to- | 119/127
detection in the Visceral Bangladesh house screening) with passive case 18/25
Leishmaniasis Elimination Initiative detection systems 20/32
in India, Bangladesh, and Nepal”
(Hirve et al. 2010)
Faraj et al. 2016 “Effectiveness and Morocco 2008-2013 CL Comparison of incidence of new CL 409/670
cost of insecticide-treated bed nets cases by both active and passive case
and indoor residual spraying for the detection
control of cutaneous leishmaniasis:
A cluster-randomized control trial in
Morocco” (Faraj et al. 2016)
Das et al. 2014 “Active and passive Bangladesh 2010-2011 VL Comparing two districts’ estimates 756/1087
case detection strategies for the [identified in the paper as being
control of leishmaniasis in directly comparable] of cases, one via
Bangladesh” (Das et al. 2014) active case detection, the other via

passive case detection. Active case

detection was via community

education and outreach workers

targeting households
Rahman et al. 2015 “Performance of | Bangladesh 2010-2011 VL Comparison of cases reported to the 29/58
Kala-azar surveillance in Gaffargaon local health complex versus active
subdistrict of Mymensingh, search for kala-azar cases
Bangladesh” (Rahman et al. 2015)
Eid et al. 2017 “Assessment of a Bolivia 2013-2014 CL Active surveillance during medical 23/86.4

Leishmaniasis reporting system in
tropical Bolivia using the capture-
recapture method” (Eid et al. 2017)

campaigns were compared to
registered cases reported by the
National Program of Leishmaniasis
Control
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Table 1: Metadata for underreporting scalars used in GBD 2017. For each record, a citation, GBD location of relevance, year, pathogen, brief
summary of methods, and output values used in modelling are listed.
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Input data — age/sex-split data
Where possible, information disaggregating location-level statistics by age and sex were extracted.

Method — geographic restrictions

There are strong climatic and biogeographic constraints on the geographic distribution of VL resulting in

a focal rather than cosmopolitan global distribution. As a result, it is necessary to identify locations

burdened by the disease through space and time as distinct from countries were VL is absent. Tags were

assigned to each location-year based upon the outcome of a search of IHME databases, as well as
location-specific searches of PubMed. Each location-year is tagged as follows:

- Present —where a specific citation of either an autochthonous laboratory-confirmed case (ie, a case
with PCR, serological, or parasitological diagnosis), reported case (ie, a case noted as VL, but with no
supporting diagnostic), or supporting evidence (ie, confirmed infection in animal reservoirs or
sandfly vectors)

- Protocol Present — for a given location-year, where no specific citation is used, but is present for
another year in the same location, it is assumed that VL is present given that eradication of the
pathogen has not been achieved

- Absent — where PubMed location-specific searches returned zero relevant results, in locations
scoring -25 or lower as evaluated by Pigott et al. (2014) [the threshold for “absence” in that study
(Pigott et al. 2014)], locations were tagged as Absent

- Protocol Absent — as with Absent, locations with zero relevant PubMed results, but with greater
than -25 as evaluated by Pigott et al. (2014), were tagged as Protocol Absent (Pigott et al. 2014)

Visceral Leishmaniasis Geographic Restrictions: 2013 (Endemic: 213)

Missing
Absence
Protocol Absence
Protocol Presence
Presence

Figure 1: Visceral Leishmaniasis geographic restrictions for the year 2013. GBD locations tagged as
present are coloured in red, yellow represents protocol presence, dark blue represents protocol
absence, and absence is represented by light blue. Locations missing tags are presented in grey.
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Figure 2: Visceral Leishmaniasis geographic restrictions for Indian subnationals. Locations tagged as
present are coloured in red, yellow represents protocol presence, and dark blue represents protocol

absence.

Full time series of maps and tables, with relevant GHDx NIDs, are available upon request from

ghdsec@uw.edu.

Method — underreporting modelling and scaled case counts
Underreporting scalars were modelled as a generalised linear model estimating the proportion of true
cases captured by reporting systems: a value of 1 therefore represents all actual cases of leishmaniasis
being reported through notification systems. The specific models is as follows:
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reported cases

~ — = Pathogen + Year + Sociodemographic Index
true" cases

To account for potential biases inherently present based upon differing survey methods or location-
specific confounders, 1,000 models were run, with each model randomly dropping all data from a
specific location, and then one additional data point from the remaining dataset. Similarly, for estimates
that spanned multiple years, for each model one of the years within the range of possible years was
randomly assigned.

To generate scaled case counts, for each of the 1,000 models a random number was generated, using a
normal distribution with mean being that of the mean estimated scalar bounded by the upper and lower
confidence interval. With these 1,000 scalars, 1,000 scaled case counts were calculated and summarised
for modelling within ST-GPR.

Method — ST-GPR

Using existing IHME tools, the summarised values were modelled using ST-GPR to produce a complete
time series of estimates for each location-year tagged “Present” or “Protocol Present”. In short, ST-GPR
attempts to model non-linear trends utilising a Gaussian process to fit a trend, rather than a definitive
functional form. The following model specifications were used:

Incidence = Health Access and Quality Index + Sociodemographic Index + (1|level 1)
+ (1|level 2) + (1|level 3)

where levels 1, 2, and 3, referring to GBD location hierarchies, treated as random effects. The following
hyperparameters were used: st-lambda = 0.4, st-omega = 1, st-zeta = 0.01, gpr-scale = 10.

Method — DisMod

DisMod was used to generate an age-sex curve to disaggregate all-age, both-sex incidence data. DisMod
is an integrated metaregression framework that allows for multiple datasets to be integrated into a
singular analysis regardless of age-binning, sources, and geographies. As a consequence, a variety of
differently aggregated information can be evaluated to generate a consensus output. From this model,
the global fit was used.

Method — YLL estimation
Deaths were modelled using a mixed effect model parameterising case-fatality rate, with data derived
from taking attributed-death data and dividing it by the mean predicted incident cases.

Case Fatality Rate ~ Age + Sex + (Age|Super Region / Region) + (Sex|Super Region)

Only data from countries defined as present or protocol present were used, as these represent locations
that are generalisable to all endemic regions for VL. The deaths in non-endemic countries, while not
used in the case-fatality rate model, are subsequently added back into the death envelope as-is by
central computation.

Changes from GBD 2016
A number of changes to the methodology were implemented for GBD 2017:

Geographic restrictions — to improve transparency and tractability of geographic restrictions,
maps of restricted locations and years are available, with clear designation of data (or assumptions)
used to inform a GBD location-year’s status. As a result of updating, the status of some GBD locations
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has changed in the light of new evidence (eg, Angola). While we explore how best to host this
information, it is currently available upon request to ghdsec@uw.edu.

All-age, both-sex incidence envelope — new data were acquired and an ST-GPR methodology
implemented consistently across the globe. Relevant covariates were updated from GBD 2016. One
important change was the removal of the “High endemicity” covariate, which constrained predictions,
particularly in low SDI countries in Africa, since its construction and subsequent use in models are not
independent of each other.

Age-sex breakdown — age-sex curves were taken from a DisMod model using an updated
dataset of age-sex specific information

Underreporting model — considerable changes were undertaken from GBD 2016 for
underreporting. Rather than using a single scalar, taken from expert opinion (Alvar et al. 2012), applied
across the entire time series, a model was developed, parameterised by real data, allowing for
spatiotemporal variation in estimates. These variable scalars were then applied to their relevant
location-year case count values.

Results specific to visceral leishmaniasis model

The aim here is to provide insights in some of the sub-models that are involved in the VL estimation
process that are not published as part of the GBD capstones or readily available via the supplemental
materials. For further questions, please direct toward ghdsec@uw.edu.

Underreporting

Coefficients

Pathogen: 0.6371 (-0.0456 — 1.5868) (where pathogen order is CL, VL)
Year: 0.1350 (0.0714 —0.2058)

SDI: 4.6230 (2.0290 —9.3287)
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Bihar

Froportion reported

1980 1990 2000 2010

Year

Figure 3: Example of VL underreporting model for Bihar, India. Plot showing each of the 1,000 iterations
of the underreporting model ran, coloured by the location that has been held out [colours coded by
their GBD location id: 161 = Bangladesh, 128 = Guatemala, 148 = Morocco, 4844 = Bihar, India, 82 =
Greece, 97 = Argentina, 92 = Spain, 164 = Nepal, 121 = Bolivia, 135 = Brazil]. The black vertical lines
represent data points (with standard errors) for Bihar as listed in Table 1, and the green dashed line is
the upper and lower bound of the underreporting factor recorded by Alvar et al. (2012), which was
applied across all time in GBD 2016.

Age- and sex-specific trends in incidence rate
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Figure 4: Global agé—specific incidence estimates for males (Ieft) and females (right) for the year 2010.
Incidence is on the Y axis (rate per total population), and age in years on the X axis. Screenshot from
EpiViz.

Figure 4 shows the age-specific variation in incidence rates, differentiated by sex. When considered as a
global aggregate, we see that reported male incident rates are approximately double those of females,

with highest rates observed in younger age groupings. In adults, levels are comparatively flat, but there
is an uptick in older age groups.

ST-GPR
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—
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Figure 5: ST-GPR estimates for India (all-age, both sex) for years 1990-2017. Black dots represent input
data points (post processing for underreporting) with the black lines indicating variance. The green line
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represents the mean GPR estimated value, with uncertainty shown by the green polygon. The blue line
indicates the space-time component of the ST-GPR; the red indicates the linear regression component
derived off of global data. Transparent black dots represent data from other locations in the GBD region
CFR.
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Figure 6: ST-GPR estimates for India (all-age, both sex) for years 2009-2017. Colouration and symbols
are as stated in caption for Figure 5.
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Figure 7: ST-GPR estimates for France (all-age, both sex) for years 1990-2017. Colouration and symbols
are as stated in caption for Figure 5.
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Figure 8: ST-GPR estimates for Brazil (all-age, both sex) for years 1990-2017. Colouration and symbols
are as stated in caption for Figure 5.
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Figure 9: ST-GPR estimates for South Sudan (all-age, both sex) for years 1990-2017. Colouration and
symbols are as stated in caption for Figure 5.

114



Case-fatality rate estimates
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Figure 10: Case fatality rate values for Italy plotted sequentially for GBD age groups, female then male.
The solid line represents the mean value of the 1,000 draws; the dashed lines represent the upper and
lower bounds (95%).
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Figure 11: Case fatality rate values for South Sudan plotted sequentially for GBD age groups, male then
female. The solid line represents the mean value of the 1,000 draws; the dashed lines represent the
upper and lower bounds (95%).

Case fatality rate estimates had high uncertainty in some geographies. In general, female mean case
fatality rates were higher than male case fatality rates. Typically an all-age estimate of 10% case-fatality
rate is discussed when looking at visceral leishmaniasis (Alvar et al. 2012).

Limitations

As with any modelling process, a number of limitations are known, which will be the focus of additional
effort in upcoming GBD cycles, and engagement with collaborators. Given the focus on location-
representative estimates, the existing model is based upon national case counts. This excludes a large
resource of published literature and grey literature focused on site-specific surveillance or surveys.
While some pathogens have integrated subnational approaches as a building block for national
estimates (eg, schistosomiasis) this is yet to be implemented for visceral leishmaniasis. Regardless of
contribution to the global incidence model, these data can be used to inform age-sex splits, as well as a
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variety of other key parameters, particularly duration parameters, which are currently lacking
uncertainty and support from a full literature review.

The removal of the “high endemicity” dataset in the ST-GPR framework led to some sub-Saharan African
nations having considerably higher burden estimates than prior cycles. For many nations, this is
reflective of the sporadic reporting of cases in these countries (eg, in Angola and the Democratic
Republic of Congo), and a consensus on pathogen presence is highly uncertain. It was important to
remove this covariate, however, as it was a prior imposed on the model, a model designed to evaluate
this status that leveraged the same data that was in the model itself. This high degree of dependence we
aimed to eliminate. In the next cycle of GBD, there is a need to identify an independent resource to aid
in quantifying the population-at-risk, which the high endemicity layer was designed to approximate, as
well as engaging with self-identified pathogen-specific and country-specific collaborators to re-evaluate
the presence/protocol presence status assigned to these nations.

Similarly, existing death data are limited in geographic distribution (due to primarily coming from
countries with robust vital registration systems), and could lack in external validity when extrapolated to
other nations. While region-level random effects help account for some of this (for instance, mitigating
some of the higher case fatality rates in immunocompromised individuals in the high-income region in
GBD), this doesn’t eliminate all possible confounding, and furthermore, does not negate the fact that for
most of the high incidence countries do not report a full time series of deaths. Further cycles should
explicitly consider the reported case fatality rates in the literature, many of which come from those VR
data-poor regions.

Age-sex patterns are highly reflective of the countries from which data is obtained. Importantly, there is
a large skew in information coming from Brazil. This information has potential biases due to the nature
of the data inputs (notification and hospital data) and the corresponding age-sex variation in health-
seeking behaviours. Yet again, consulting some of the detailed household surveys that do exist will
increase geographic coverage of these estimates, and provide an important independent comparator to
determine whether these disparities are genuine, or an artefact of the reporting systems consulted in
this current model.

References

Alvar, Jorge, lvan D Vélez, Caryn Bern, Mercé Herrero, Philippe Desjeux, Jorge Cano, Jean Jannin, and
Margriet den Boer. 2012. “Leishmaniasis Worldwide and Global Estimates of Its Incidence.” PLoS One 7
(5): e35671.

Copeland, HW, B A Arana, and T R Navin. 1990. “Comparison of Active and Passive Case Detection of
Cutaneous Leishmaniasis in Guatemala.” Am. J. Trop. Med. Hyg. 43 (3): 257-259.

Das, AK, A D Harries, S G Hinderaker, R Zachariah, B Ahmed, G N Shah, M A Khogali, G | Das, E M Ahmed,
and K Ritmeijer. 2014. “Active and Passive Case Detection Strategies for the Control of Leishmaniasis in
Bangladesh.” Public Health Action 4 (1): 15-21.

Eid, Daniel, Miguel Guzman-Rivero, Ernesto Rojas, Isabel Goicolea, Anna-Karin Hurtig, Daniel lllanes, and
Miguel San Sebastian. 2017. “Assessment of a Leishmaniasis Reporting System in Tropical Bolivia Using
the Capture-Recapture Method,” October, tpmd170308.

Faraj, Chafika, Joshua Yukich, El Bachir Adlaoui, Rachid Wahabi, Abraham Peter Mnzava, Mustapha
Kaddaf, Abderrahmane Laamrani El Idrissi, Btissam Ameur, and Immo Kleinschmidt. 2016. “Effectiveness
and Cost of Insecticide-Treated Bed Nets and Indoor Residual Spraying for the Control of Cutaneous
Leishmaniasis: A Cluster-Randomized Control Trial in Morocco.” Am. J. Trop. Med. Hyg. 94 (3): 679-685.

117



Gkolfinopoulou, K, N Bitsolas, S Patrinos, L Veneti, A Marka, G Dougas, D Pervanidou, et al. 2013.
“Epidemiology of Human Leishmaniasis in Greece, 1981-2011.” Euro Surveill. 18 (29): 20532.

Hirve, S, S P Singh, N Kumar, M R Banjara, P Das, S Sundar, S Rijal, et al. 2010. “Effectiveness and
Feasibility of Active and Passive Case Detection in the Visceral Leishmaniasis Elimination Initiative in
India, Bangladesh, and Nepal.” Am. J. Trop. Med. Hyg. 83 (3): 507-511.

Maia-Elkhoury, Ana Nilce Silveira, Eduardo Hage Carmo, Marcia Leite Sousa-Gomes, and Eduardo Mota.
2007. “[Analysis of visceral leishmaniasis reports by the capture-recapture method].” Rev. Saude Publica
41 (6): 931-937.

Pigott, David M, Samir Bhatt, Nick Golding, Kirsten A Duda, Katherine E Battle, Oliver J Brady, Jane P
Messina, et al. 2014. “Global Distribution Maps of the Leishmaniases.” Elife 3 (January): e02851.

Rahman, Kazi Mizanur, Indira V M Samarawickrema, David Harley, Anna Olsen, Colin D Butler, Shariful
Amin Sumon, Subrata Kumar Biswas, Stephen P Luby, and Adrian C Sleigh. 2015. “Performance of Kala-
Azar Surveillance in Gaffargaon Subdistrict of Mymensingh, Bangladesh.” Edited by Carlos Franco-
Paredes. PLoS Negl. Trop. Dis. 9 (4): e0003531.

Sesma, B, and A Barricarte. 1997. “[Leishmaniasis in Navarra: review of activities].” An. Sist. Sanit. Navar.
20 (2): 209-216.

Singh, S P, D CS Reddy, M Rai, and S Sundar. 2006. “Serious Underreporting of Visceral Leishmaniasis
through Passive Case Reporting in Bihar, India.” Trop. Med. Int. Health 11 (6): 899-905.

Singh, V P, A Ranjan, R K Topno, R B Verma, N A Siddique, V N Ravidas, N Kumar, K Pandey, and P Das.
2010. “Estimation of Under-Reporting of Visceral Leishmaniasis Cases in Bihar, India.” Am. J. Trop. Med.
Hyg. 82 (1): 9-11.

Yaddn, Z E, M A Quigley, C R Davies, L C Rodrigues, and E L Segura. 2001. “Assessment of Leishmaniasis
Notification System in Santiago Del Estero, Argentina, 1990-1993.” Am. J. Trop. Med. Hyg. 65 (1): 27-30.

118



Human African Trypanosomiasis (HAT)

Flowchart

Human African Trypanosomiasis: Cause of death estimation
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Case Definition

Human African trypanosomiasis (HAT), also known as sleeping sickness, is a vector-borne disease which
is transmitted by the bite of the tsetse fly. It is caused by the parasite Trypanosoma brucei with two
subspecies, namely T.b. rhodesience (makes up less than 5% of total HAT cases) and T.b. gambiense.
Cases are diagnosed through laboratory methods which rest on finding the parasite in body fluid or
tissue by microscopy. In highly endemic or epidemic areas where the likelihood of false positives in

serological tests is deemed lower, a seropositive individual is considered affected even in the absence of
parasitological confirmation. The ICD-10 codes for HAT are B56.0, B56.1 and B56.9.

Input data
Model inputs
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Data sources for GBD 2017:

1)

3)

4)

5)

Annual case totals 1980-2016: National-level annual case totals from 1990-2016 were obtained
from WHO'’s publicly dataset, available here:
http://apps.who.int/gho/data/node.main.A1635?lang=en

Subnational data:
Kenya: Deaths due to HAT were attributed to Busia county. Identification of subnational
locations for Kenyan case data were obtained via studies published in the peer-reviewed
literature® and review of maps published from via the WHO HAT Atlas:
http://www.who.int/entity/trypanosomiasis _african/country/Kenya whole 0014.jpg?u
a=1

Age/sex data: Data on the age and sex distribution of HAT cases were extracted from the peer-
reviewed literature via a systematic review of sources identified in PubMed using the following
search string:

((African trypanosomiasis[Title/Abstract] AND (incidence[Title/Abstract] OR
burden[Title/Abstract] OR prevalence[Title/Abstract] OR community[Title/Abstract]))
AND (“1990”[Date — Publication] : “2017”[Date — Publication]))

This yielded 219 studies of which only three met the inclusion criteria and were
extracted. The inclusion criteria were:

Studies representative of the national population

Population-based studies

Studies with primary data on incidence

Studies of human African trypanosomiasis (excluded studies on animal African
trypanosomiasis)

PwnNE

Population at risk estimates 1980-2015: population at risk estimates from GBD 2010 ArcGIS
analysis using geocoded case notifications for 2000 to 20092 and population Count Grid
estimates from Gridded Population of the World 3.

Screening coverage: Data on active vs. passive screening coverage were obtained from a Weekly
Epidemiological Report?® identifying the population screened from 1997 to 2004 at the national

level.

Geographic restrictions: Data file of all GBD locations, defining location as either endemic or
non-endemic for HAT. Estimates are not produced for non-endemic countries, nor are they
generated for countries with a history of HAT transmission but no data reported by WHO from
1990-2016.

Modelling strategy

Geographic restrictions
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For countries historically considered endemic for HAT, but which have no reported case data or estimate
of the population at risk, estimates are not produced. These countries include Botswana, Ethiopia,
Guinea-Bissau, and Rwanda.

Among countries where population at-risk data are available, if no cases were reported to WHO, we
assume the incidence of HAT is zero for those years and generate model estimates accordingly.

Modelling steps
The cause of death model for HAT is implemented as follows:

1. Theincidence of reported HAT cases among the population at-risk was calculated as the total
number of reported cases divided by the population at-risk estimates generated by the GBD
working group for the period 1980-2015. Population at-risk estimates for 2016—2017 were
generated by assuming an annual 2% rate of population growth.

2. To estimate the number of cases that were likely undetected by country and year, a multilevel
mixed-effects linear regression of log-transformed incidence rate (ratio of reported HAT cases to
population at risk) on log-transformed screening coverage? (ratio of number screened for HAT to
population at risk), with country random effects, was performed. Gaps were then filled using
interpolation between years and extrapolation from 2016 to 2017 for reported cases. This
model generates a beta-coefficient which is used to estimate the case detection rate (see step
4).

For country-years in which no screening coverage data were reported:
e Among countries with data reported, 1997-2004, the proportion of the at-risk
population screened from 1997 was used retrospectively for the period 1980-1996 and
the screening coverage from 2004 was carried forward from 2005 to 2017.
e For countries with no screening data reported, the mean screening coverage for the
region was used to impute a value over time.

3. To construct an estimate of total deaths, we first assume that all detected cases receive
treatment, and that mortality among the treated occurs for a small proportion of cases. Deaths
among detected cases are estimated by generating 1,000 draws of mortality among treated
cases, assuming that between 0.7% and 6.0% of all reported (and therefore assumed to have
received treatment) cases die.*®

4. We then assume that all undetected cases experience mortality. This is estimated via generation
of 1,000 draws of the case detection rate (CDR), given the expected screening coverage from the
regression (in Step 2). Undetected deaths were then estimated as the difference between the
ratio of reported cases to CDR and reported cases (reported cases/CDR — reported cases).

5. Estimates of death were obtained by adding the deaths among treated cases to the total

number of undetected cases. Without information on sex-specific incidence or deaths, death
rates between both sexes were equal.
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6. Finally, an age-pattern was applied to the mortality estimates using the incidence studies from
Sudan’, DRC?, and Uganda®. The age-pattern in GBD 2017 employed a cubic spline to account for
the higher risk of infection among working age adults.
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Schistosomiasis
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To estimate mortality due to schistosomiasis, data on deaths and prevalence of infection were used. The
prevalence data were prepared this year for GBD 2017, and further information on prevalence data is
available in the nonfatal write-up for this cause. Country-year-age-sex-specific verbal autopsy and vital

registration data were used in the mortality

Geographic restrictions

model.

We conducted a literature review to determine the geographic extent of the disease and classify
locations based on whether the disease is absent or present in each year. Locations that were
geographically restricted in any given year did not have estimates made for them but could have
imported cases attributed to them at a later stage. Of note, we did not attempt a complete systematic
review, since a single high-quality source could offer sufficient evidence of presence. Evidence of
absence or presence was not available for every location for each year and so assumptions were made
for missing years by taking into consideration the epidemiological characteristics of the disease. If
evidence indicated disease presence for two non-consecutive years, we assumed presence for all years
between the two. If evidence indicated disease absence for two non-consecutive years, we assumed
absence for all years between the two. If evidence indicated a change in status (ie, from absent to
present, or present to absent) between two non-consecutive years, than we conducted targeted
searches to ascertain the relevant year of introduction or elimination for that location. In the cases
where presence or absence information was missing for the start or end years of our study interval
(1990-2017) without evidence of any introduction or elimination events within the interval, we applied
the status of the first and last presence/absence observations respectively to all years between the
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interval bound and the observation year. For schistosomiasis, we used a combination of Chitsulo et al’s

The global status of schistosomiasis and its control (1) and WHQO's Preventative chemotherapy in human
helminthiasis (2) report as a baseline. Where country-level endemicity statuses conflicted between the

two sources, we searched Pubmed and Google Scholar for country- and subnational-specific endemicity
status. Our search yielded 22 sources that were used to develop our annual geographic restriction map

for schistosomiasis.

Modelling strategy

To estimate deaths due to schistosomiasis, a negative binomial regression model of country-year-age-
sex-specific deaths on natural log-transformed prevalence of total schistosomiasis infection with a 15-
year lag was used. The negative binomial regression was selected due to its suitability for modelling
count data. In addition, there are relatively low number of deaths attributable to schistosomiasis.
Covariates for endemic Brazil subnationals and South Africa subnationals were used to allow the model
to follow data in those areas. A multivariate normal distribution using the mean and variance-covariance
matrix from the model was used to generate 1,000 draws of deaths due to schistosomiasis.

Models were evaluated by assessing the AIC and plotting the predicted deaths against time, age, and
sex. In addition, the Cause of Death visualisation tool was used to evaluate time trends across locations,
age, and sex. A map of the global distribution of schistosomiasis across age groups was also used to
assess the changes in death rates over time. The final model was selected based on how well the
estimated numbers fit the input data and how plausible the predicted distribution of disease was over
time and with age.
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The model for mortality due to cysticercosis relied on vital registration and surveillance data from

endemic countries. In addition, we used data from the Pew Research Center on percentage of
population that is Muslim by country. The primary covariates adjusted for in the model were proportion
of the population that is Muslim, health system access capped, proportion of the population with access
to sanitation, proportion of the country with population density under 150 people per square kilometer,
sex, age, and GBD super-region.

Geographic restrictions

We conducted a literature review to determine the geographic extent of the disease and classify
locations based on whether the disease is absent or present in each year. Locations that were
geographically restricted in any given year did not have estimates made for them but could have
imported cases attributed to them at a later stage. Of note, we did not attempt a complete systematic
review, since a single high-quality source could offer sufficient evidence of presence. Evidence of
absence or presence was not available for every location for each year, and so assumptions were made
for missing years by taking into consideration the epidemiological characteristics of the disease. If
evidence indicated disease presence for two non-consecutive years, we assumed presence for all years
between the two. If evidence indicated disease absence for two non-consecutive years, we assumed
absence for all years between the two. If evidence indicated a change in status (ie, from absent to
present, or present to absent) between two non-consecutive years than we conducted targeted
searches to ascertain the relevant year of introduction or elimination for that location. In the cases
where presence or absence information was missing for the start or end years of our study interval
(1990-2016) without evidence of any introduction or elimination events within the interval, we applied
the status of the first and last presence/absence observations respectively to all years between the
interval bound and the observation year. For cysticercosis, we performed targeted searches to classify
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location-years in PubMed and Google Scholar. Our map was populated by 21 peer-reviewed articles and
meta-analyses and WHO reports.

Modelling strategy

Globally, deaths due to cysticercosis are relatively low. Therefore, a Poisson model was used to model
cysticercosis deaths due to its suitability for count data. This model choice was validated by tests for
overdispersion. Random effects were used on location with random slopes on age by location. A
multivariate normal distribution using the mean and variance-covariance matrix from the model was
used to generate 1,000 draws of deaths due to cysticercosis.

Estimates for new subnational locations were also added in GBD 2016. Since the Pew Research Center
only has data on proportion of Muslims by country, we applied the national proportions to subnational
locations. We understand that this does not account for sometimes large expected differences in
proportions of Muslims within a country but were limited by data availability.
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Cystic Echinococcosis
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Geographic restrictions

We conducted a literature review to determine the geographic extent of the disease and classify
locations based on whether the disease is absent or present in each year. Locations that were
geographically restricted in any given year did not have estimates made for them but could have
imported cases attributed to them at a later stage. Of note, we did not attempt a complete systematic
review, since a single high-quality source could offer sufficient evidence of presence. Evidence of
absence or presence was not available for every location for each year, and so assumptions were made
for missing years by taking into consideration the epidemiological characteristics of the disease. If
evidence indicated disease presence at a given point in time, we assumed presence for all years. If
evidence indicated disease absence, we assumed absence for all years. If evidence indicated a change in
status (ie, from absent to present, or present to absent) between two non-consecutive years than we
conducted targeted searches to ascertain the relevant year of introduction or elimination for that
location. In the cases where presence or absence information was missing from the start or end years of
our study interval (1990-2017) without evidence of any introduction or elimination events within the
interval, we applied the status of the first and last presence/absence observations respectively to all
years between the interval bound and the observation year. For cystic echinococcosis, we reviewed all
references pertaining to CE in Global Distribution of Alveolar and Cystic Echinococcosis by Deplazes et al.
and supplemented with targeted searches to classify location-years in PubMed and the GHDx. Below is a
map of geographic restrictions for the year 2009 as an example.

Figure 1: Geographic restrictions for 2009
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Data sources

Mortality due to cystic echinococcosis was modelled using vital registration data and covariates. The
Mortality and Cause of Death team provided country-year-age-sex-specific vital registration. Of note,
the ICD codes mapped to cystic echinococcosis are:

Table 1: ICD-9 codes mapped to CE

ICD Code ICD Name |
122 Echinococcosis

122.0 Echinococcus granulosus infection of liver
122.1 Echinococcus granulosus infection of lung
122.2 Echinococcus granulosus infection of thyroid
122.3 Echinococcus granulosus infection, other
122.4 Echinococcus granulosus infection, unspecified
122.8 Echinococcosis unspecified, of liver
122.9 Echinococcosis other and unspecified

Table 2: ICD-10 codes mapped to CE

ICD Code ICD Name |
B67.0 Echinococcus granulosus infection of liver
B67.1 Echinococcus granulosus infection of lung
B67.2 Echinococcus granulosus infection of bone
B67.3 Echinococcus granulosus infection, other and multiple sites
B67.31 Echinococcus granulosus infection, thyroid gland
B67.32 Echinococcus granulosus infection, multiple sites
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B67.39 Echinococcus granulosus infection, other sites

B67.4 Echinococcus granulosus infection, unspecified
B67.8 Echinococcosis, unspecified, of liver
B67.9 Echinococcosis, other and unspecified
B67.90 Echinococcosis, unspecified

B67.99 Other echinococcosis

Due to the scarcity of hospital data, especially in endemic areas we incorporated covariates to drive
global distribution of deaths in the model.

We created a categorical cystic echinococcosis endemicity covariate based on expert opinion and an
endemicity map published by WHO [1]. We assigned GBD locations to one of four categories: probable
absence, rare and/or sporadic transmission, suspected and/or confirmed transmission, and high
endemic areas.

We based further selection of covariates on a meta-analysis of potential risk factors associated with
cystic echinococcosis [2]. According to the meta-analysis, statistically significant potential risk factors
include living in rural endemic areas, slaughtering, feeding dogs with viscera, and low income. Hence, we
also included two other covariates: the proportion of the population participating in agricultural
activities and the log of proportion non-urban.

Modelling strategy

We implemented a Poisson regression model to estimate deaths due to cystic echinococcosis. The
Poisson regression was selected due to its suitability for modelling count data that are not over-
dispersed. Since there is a relatively low number of deaths attributable to cystic echinococcosis, a Cause
of Death Ensemble Model, which currently does not support count space models, could not be
implemented. Covariates for the model, including echinococcosis endemicity, log of proportion non-
urban, proportion of the population participating in agricultural activities, and education (years per
capita), were incorporated into the model to influence the global trend due to paucity of data. Random
effects were used on location with random slopes on age by location. A multivariate normal distribution
using the mean and variance-covariance matrix from the model was used to generate 1,000 draws of
deaths due to cystic echinococcosis. The final model was selected based on how well the estimated
numbers fit the input data and how plausible the predicted distribution of disease was over time and
with age.
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We modelled dengue mortality using all available data in the cause of death database. Data points were

outliered if they reported an improbably low number of dengue deaths (eg, zero dengue deaths in a
hyper-endemic country) or an improbably high number of dengue deaths.

Modelling strategy

We modelled dengue mortality using three-model hybrid approach: 1) a global CODEm model of all
locations, using all data in the CoD database; 2) a CODEm model restricted to data-rich countries; and 3)
estimates of mortality from imported cases in non-endemic, data-rich countries. Where dengue deaths
were reported in non-endemic data-rich countries, we produced non-zero estimates by drawing from a
beta distribution based on number of reported deaths and the underlying sample size. Estimates of
dengue mortality in endemic data-rich countries were drawn from the data-rich CODEm model. Finally,
estimates in other endemic countries were drawn from the global CODEm model.

We use county-level covarites to inform our model. The Level is the associated strength of relationship
between the covariate and LRI mortality, ranked from 1 (proximally related) to 3 (distally related). The
direction is the forced direction of the association between the covariate and dengue mortality

Level Covariate Direction
1 Population density (over 1000 ppl/sgkm, proportion) +
Population weighted probability of dengue transmission +
5 Health system access -
Latitude under 15 (proportion) +
Elevation under 100m (proportion) +
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Rainfall quintile 4 (proportion)
Rainfall quintile 5 (proportion)
Dengue outbreaks (binary)

+ |+ |+

3 Education (years per capita) -
LDI (1S per capita)

While we’ve made no substantive changes to the modelling strategy in 2017, we have updated the
geographic restrictions that determine whether a location is considered non-endemic (and, therefore,
will have estimates based on the imported case model) in a given year. As for GBD 2016, we derived our
geographic restrictions for 2010 from Brady and colleagues(1). We have also refreshed our literature
review to determine locations and years in which dengue was introduced or eliminated, to allow for
time-varying geographic restrictions.

References

1.

10.

Brady OJ, Gething PW, Bhatt S, Messina JP, Brownstein JS, Hoen AG, et al. Refining the Global
Spatial Limits of Dengue Virus Transmission by Evidence-Based Consensus. PLoS Negl Trop Dis. 2012
Aug 7;6(8):e1760.

Al ST et. Autochthonous Dengue Fever, Tokyo, Japan, 2014 - Volume 21, Number 3—March 2015 -
Emerging Infectious Disease journal - CDC. [cited 2017 Apr 28]; Available from:
https://wwwnc.cdc.gov/eid/article/21/3/14-1662_article

Guzman MG, Kouri G. Dengue and dengue hemorrhagic fever in the Americas: lessons and
challenges. J Clin Virol. 2003 May;27(1):1-13.

Boshell J, Groot H, Gacharna M, Marquez G, Gonzélez M, Gaitan MO, et al. Dengue en Colombia.
Biomédica. 1986;6(3—4):101-6.

Effler PV, Pang L, Kitsutani P, Vorndam V, Nakata M, Ayers T, et al. Dengue Fever, Hawaii, 2001-
2002. Emerg Infect Dis. 2005 May;11(5):742-9.

McBride WJH. Dengue fever: is it endemic in Australia? Intern Med J. 2010 Apr 1;40(4):247-9.

Kay BH, Barker-Hudson P, Stallman ND, Wiemers MA, Marks EN, Holt PJ, et al. Dengue fever.
Reappearance in northern Queensland after 26 years. Med J Aust. 1984 Mar 3;140(5):264-8.

Al GA et. Dengue Reemergence in Argentina - Volume 5, Number 4—August 1999 - Emerging
Infectious Disease journal - CDC. [cited 2017 Apr 28]; Available from:
https://wwwnc.cdc.gov/eid/article/5/4/99-0424 article

Ramos MM, Mohammed H, Zielinski-Gutierrez E, Hayden MH, Lopez JLR, Fournier M, et al. Epidemic
Dengue and Dengue Hemorrhagic Fever at the Texas—Mexico Border: Results of a Household-based
Seroepidemiologic Survey, December 2005. Am J Trop Med Hyg. 2008 Mar 1;78(3):364-9.

Luo L, Liang H, Hu Y, Liu W, Wang Y, Jing Q, et al. Epidemiological, virological, and entomological

characteristics of dengue from 1978 to 2009 in Guangzhou, China. J Vector Ecol. 2012 Jun
1;37(1):230-40.

131



11.

12.

13.

14.

15.

Murray KO, Rodriguez LF, Herrington E, Kharat V, Vasilakis N, Walker C, et al. Identification of
Dengue Fever Cases in Houston, Texas, with Evidence of Autochthonous Transmission Between
2003 and 2005. Vector Borne Zoonotic Dis. 2013 Dec 1;13(12):835-45.

Locally Acquired Dengue --- Key West, Florida, 2009--2010 [Internet]. [cited 2017 Apr 28]. Available
from: https://www.cdc.gov/mmwr/preview/mmwrhtml/mm5919al.htm

Bouri N, Sell TK, Franco C, Adalja AA, Henderson DA, Hynes NA. Return of Epidemic Dengue in the
United States: Implications for the Public Health Practitioner. Public Health Rep. 2012;127(3):259-
66.

Wilder-Smith A, Quam M, Sessions O, Rocklov J, Liu-Helmersson J, Franco L, et al. The 2012 dengue
outbreak in Madeira: exploring the origins. 2014 [cited 2017 Apr 28]; Available from:
https://dr.ntu.edu.sg/handle/10220/19685

Brathwaite Dick O, San Martin JL, Montoya RH, del Diego J, Zambrano B, Dayan GH. The History of
Dengue Outbreaks in the Americas. Am J Trop Med Hyg. 2012 Oct 3;87(4):584-93.

132



Yellow fever

Cause of death estimation

Official Yellow Fever
Reports

Case Fatality
Estimates

Mortality
Calculation

Unadjusted deaths
by location/year/
age/sex dueto

CodCorrect

yellow fever

Adjusted
deaths by
location/year/
age/sex

Epi Database ‘
Mixed-Effects Legend
Negative Binomial
Model
I
Incidence Estimates
(Not Corrected for
Underreporting) Database
Expansion Factor Underreporting
Estimates Correction
Corrected Incidence of
Symptomatic Yellow Fever Process
O Input Data
. " Asymptomatic
Severity Split Estimation © Cause of death
O Nonfatal
O Disability weights
@ Burden estimation
Incidence of Incidence of Incidence of
Moderate Severe Asymptomatic O Covariates
Yellow Fever Yellow Fever Yellow Fever

Final burden
estimation

Reference life table

Input data

Case data come from official case reports filed with the World Health Organization. Data on case fatality
come from published studies of yellow fever fatality. Data on deaths in non-endemic countries are
restricted to only vital registration data.
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Modelling strategy

We model yellow fever deaths using a hybrid approach. For countries in which yellow fever is endemic,
we use a natural history approach in which we estimate deaths as the product of cases and case fatality.
For non-endemic countries, we allow for deaths among imported cases where we have vital registration
data indicating yellow fever deaths. That is, we assume no yellow fever deaths in non-endemic
countries; however, where yellow fever deaths are reported in vital registration data, we accept those
as true imported yellow fever deaths.

We model reported cases using a mixed-effects negative binomial model, with fixed effects for year and
random effects for super-region, region, and country. We assume that yellow fever cases are
underreported and that this underreporting mirrors that of dengue (a disease for which we have better
data on underreporting). With that, we estimate symptomatic cases as the product of our base case
estimates and dengue expansion factors (ie, the factor by which you must multiply reported cases to
derive true cases). Based on published estimates, we assume that 27% of symptomatic cases will be
severe.!

We performed a meta-analyses of case fatality using data from published studies of yellow fever fatality.
Studies tend to report deaths among those with severe infection (eg, hospitalized cases), rather than
among all cases. We assume that no deaths occur with asymptomatic infection or among those with
only moderate symptoms. With that, we estimate deaths as the product of severe cases and case
fatality.

We have improved our method for correcting for underreporting of yellow fever. In estimating yellow
fever deaths for GBD 2013, our model assumed that all severe cases were reported and that reported
cases reflected only severe cases. With that, we adjusted our base estimates upward to account for non-
severe cases, and based our mortality estimates off these adjusted numbers. Based on feedback from
collaborators, we believe that this adjustment was inadequate to fully account for underreporting.
Accordingly, we have adopted the expansion factor-based method described above for GBD 2015.

Moreover, we have adopted the hybrid approach for GBD 2015. Whereas we previously allowed no
yellow fever deaths in non-endemic countries, we now accept deaths reported in vital registration data

as true imported deaths.

We have made no substantive changes to the modelling strategy for GBD 2017.

Reference

1Johansson MA, Vasconcelos PFC, Staples JE. The whole iceberg: estimating the incidence of yellow
fever virus infection from the number of severe cases. Trans R Soc Trop Med Hyg 2014; 108: 482—7.
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We modelled rabies mortality using all available data in the cause of death database. Data points were
outliered if they reported an improbable number of rabies deaths (eg, zero rabies deaths in a hyper-
endemic country) or if their inclusion in the model yielded distorted trends. In some cases, multiple data
sources for the same location differed dramatically both in their quality and reported rabies mortality
(eg, a verbal autopsy and vital registration source). In these cases the lower-quality data source was
outliered.

Modelling strategy

We modelled rabies mortality using a two-model hybrid approach: 1) a global CODEm model of all
locations, using all data in the CoD database; and 2) a CODEm model restricted to data-rich countries.
The CODEm models included nine covariates:

Level Covariate Direction

1 Antenatal care coverage (4 visits) -

Health system access -

In-facility delivery coverage -

2 Healthcare access and quality index -

Skilled birth attendance coverage -

Health system access (capped) -

3 Population density, 500-1000 per km?

Population density, <150 per km?

Socio-demographic Index -

We have made no substantive changes to the modelling strategy in GBD 2017.
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To estimate mortality due to ascariasis, country-year-age-sex-specific verbal autopsy and vital
registration data were used. Covariates used include prevalence of heavy infection of ascariasis, health
system access capped by the minimum OECD value, the absolute value of average latitude, the
proportion of the country with population density under 150 people per square kilometer, enhanced
vegetation index, percent of the population living in the fourth or fifth world quintile of annual rainfall,
number of years of education per capita, proportion of the population involved with agricultural
activities, sex, and age.

Geographic restrictions

We conducted a literature review to determine the geographic extent of the disease and classify
locations based on whether the disease is absent or present in each year. Locations that were
geographically restricted in any given year did not have estimates made for them but could have
imported cases attributed to them at a later stage. Of note, we did not attempt a complete systematic
review, since a single high-quality source could offer sufficient evidence of presence. Evidence of
absence or presence was not available for every location for each year and so assumptions were made
for missing years by taking into consideration the epidemiological characteristics of the disease. If
evidence indicated disease presence for two non-consecutive years, we assumed presence for all years
between the two. If evidence indicated disease absence for two non-consecutive years, we assumed
absence for all years between the two. If evidence indicated a change in status (ie, from absent to
present, or present to absent) between two non-consecutive years than we conducted targeted
searches to ascertain the relevant year of introduction or elimination for that location. In the cases
where presence or absence information was missing for the start or end years of our study interval
(1990-2016) without evidence of any introduction or elimination events within the interval, we applied
the status of the first and last presence/absence observations respectively to all years between the
interval bound and the observation year. Our search was done in conjunction with the title/abstract
screening portion of a systematic literature review for prevalence data. The search strings and yield can
be viewed in the table below for each of the databases queried.
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Database

Search string

Yield

PubMed

(Ascariasis[Title/Abstract] OR Ascaris[Title/Abstract] OR "A.
lumbricoides"[Title/Abstract] OR Ascaris[MeSH] OR Trichuris[Title/Abstract]
OR Trichuriasis[Title/Abstract] OR "Whip Worm"[Title/Abstract] OR "T.
trichura"[Title/Abstract] OR Trichuris[MeSH] OR Hookworm[Title/Abstract]
OR "A. duodenale"[Title/Abstract] OR "Ancylostoma
duodenale”[Title/Abstract] OR ancylostomiasis[Title/Abstract] OR "N.
americanus"[Title/Abstract] OR “Necator americanus”[Title/Abstract] OR
necatoriasis[Title/Abstract] OR Ancylostoma [MeSH] OR Necator[MeSH])
AND (prevalence[Title/Abstract] OR incidence[Title/Abstract] OR
epidemiology|[Title/Abstract] OR surveillance[Title/Abstract])
NOT(Animals[MeSH] NOT Humans[MeSH])

2376

Web of
Science

(Ascariasis OR Ascaris OR A. lumbricoides OR Trichuris OR Trichuriasis OR
Whip Worm OR T. trichura OR Hookworm OR A. duodenale OR Ancylostoma
duodenale OR anclyostomiasis OR N. americanus OR Necator americanus OR
necatoriasis) AND TOPIC:(prevalence OR incidence OR epidemiology OR
surveillance) NOTTOPIC: ((Animals NOT Humans))

Timespan: 1980-2016. Indexes: SCI-EXPANDED, SSCI, A&HCI, ESCI.

2266

SCOPUS

TITLE-ABS_KEY (ascariasis OR ascaris OR a. lumbricoides OR trichuris OR
trichuriasis OR whip worm OR t. trichura OR hookworm OR a. duodenale OR
ancylostoma duodenale OR anclyostomiasis OR n. americanus OR necator
americanus OR necatoriasis) AND PUBYEAR>1979

29

These papers were used to classify location-years for all locations and years present in the literature.
Additionally, systematic literature reviews, meta-analyses, national health statistics publications, and

collaborator input were used to classify location-years not present in the literature review wherever

possible.

Modelling strategy
A negative binomial model was used to estimate deaths from ascariasis with random intercepts for
locations and random slopes for age groups by location. A multivariate normal distribution using the

mean and variance-covariance matrix from the model was used to generate 1,000 draws of deaths due
to ascariasis. The final model was selected based on how well the estimated number fit the input data

and how plausible the predicted distribution of disease was over time and with age.
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Ebola Virus Disease
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Input data
The input data for deaths due to Ebola virus disease (EVD) came in two forms: (i) total case count tallies
and modelled estimates for the West African outbreak from 2013 to 2016 provided by the World Health
Organization (WHO) focused specifically on the three worst-affected countries (Liberia, Guinea, and
Sierra Leone) and (ii) literature searches for reported deaths due to EVD not captured by the West
African dataset. This is further explained below:

© Cause of death

O Nonfatal

O Disability weights
@ Burden estimation
O Covariates

WHO estimates for Liberia, Guinea, and Sierra Leone, 2014-2016

1.

The final tallies as reported by WHO and CDC were used for each country.
Researchers from Imperial College London (UK), as part of the WHO Ebola response
team, provided modelled estimates for the number of fatalities that result from a
given number of reported cases (provided by line lists from WHO). This method was
used in a variety of papers to generate baseline estimates of case fatality rates and
other key epidemiological measures while correcting for the lag period between
initially reporting a case and the final outcome of that case (whether it be death or
survival). The full data cleaning and methodology are reported elsewhere.'2
Bespoke estimates were provided for GBD for Liberia, Sierra Leone, and Guinea and
were stratified by age, sex, and year. Death data from Guinea ranged from February
18, 2014, until September 27, 2015, with data from Liberia ranging from March 20,
2014, to May 4, 2015, and data from Sierra Leone ranging from May 21 until
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September 28, 2015. These models were used to disaggregate total case numbers
by age and sex to generate the total case counts.

2. Reported clusters of cases in 2016 were identified by consulting WHO situation
reports from the year 2016.

ii. Literature searches for reported deaths due to EVD outside of Liberia, Guinea, and Sierra Leone
1. Inorder to capture the small number of fatalities that occurred in countries outside
of the core three mentioned above, WHO Situation Reports were consulted.
Fatalities were reported in the US (specifically Texas), Mali, and Nigeria.? All deaths
occurred in 2014. Additional age and sex information could only be obtained for the
death that occurred in the US.

Using a previous review of historical outbreaks,** original articles describing the progression of historical
outbreaks were consulted, which was supplemented by additional searches. This resulted in datasets
describing each outbreak with variable degrees of detail — some fully describing the age and sex
breakdown of all deaths [eg, Rosello and colleagues’] and others simply providing the final total. Only
confirmed or probable deaths were included; suspected EVD deaths were omitted. Outbreaks that
spanned multiple years, in the absence of sufficient data providing an accurate breakdown, were
apportioned between the years by evenly assigning a uniform number of deaths to each month of the
outbreak’s duration.

A full tabulation of death metadata availability is found in Table 1.

Outbreak Number of deaths | Sex metadata Age metadata Year metadata
Cote d’lvoire 1994 | No deaths N/A N/A N/A
Gabon 1994/1995 | Georges 1999 Imputed Imputed Georges 1999
Democratic Rosello 2015 Rosello 2015 Rosello 2015 Rosello 2015
Republic of the [94.5%
Congo 1995 coverage]
Gabon 1996 Milleliri 2004 Imputed Imputed Milleliri 2004
Gabon 1996/1997 | Milleliri 2004 Imputed Imputed Imputed
Uganda Okware 2002 Imputed Imputed Imputed
2000/2001
Congo 2002/2003 | Kuhn 2008 Imputed Imputed Imputed
Congo 2003 Boumandouki Imputed Imputed Boumandouki
2005 2005
South Sudan 2004 | WHO 2004 WHO 2004 WHO 2004 WHO 2004
[42.86%
coverage]
Congo 2005 Nkoghe 2011 Nkoghe 2011 Nkoghe 2011 Nkoghe 2011
Democratic Rosello 2015 Rosello 2015 Rosello 2015 Rosello 2015
Republic of the
Congo 2007
Uganda 2007 Wamala 2010 Wamala 2010 Imputed Wamala 2010
Democratic Rosello 2015 Rosello 2015 Rosello 2015 Rosello 2015
Republic of the
Congo 2008
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Uganda 2011 Shoemaker 2012 Shoemaker 2012 Shoemaker Shoemaker 2012
2012

Democratic Rosello 2015 Rosello 2015 Rosello 2015 Rosello 2015

Republic of the

Congo 2012

Uganda 2012 Albarino 2013 Imputed Imputed Albarino 2013

Uganda Albarino 2013 Imputed Imputed Imputed

2012/2013

West Africa WHO/CDC WHO/Imperial WHO/Imperial | WHO/CDC

2013/2015 [incomplete] [incomplete]

Democratic Rosello 2015 Rosello 2015 Rosello 2015 Rosello 2015

Republic of the

Congo 2014

Modelling strategy

Data on deaths resulting from imported cases from 2014 were used as specific count data as it was
assumed to be an accurate representation of the cases and outbreaks in these countries, all of which
were on high alert for importation of cases.®®

The other input data were processed prior to inclusion in GBD to account for any potential
underreporting of deaths. A meta-analysis of existing underreporting studies from the literature was

performed, using a random effects model with a DerSimonian-Laird estimator. A variety of sources were

included, capturing a number of different estimation processes, all identified by literature review. The

figure below shows the different effect sizes of the different studies,

10-15

as well as the resulting GBD

2016 correction factor, with the GBD 2015 correction factor for reference. The correction factor ranged
from 1.4580 to 2.5475, with a mean of 2.0027. For GBD 2017 the GBD 2016 factor was used.
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Underreporting of Ebola death data
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In order to capture this potential variation, all input data were multiplied by the lower and upper limit of
this estimated correction factor; these numbers then provided the lower and upper bounds from which
draw values were taken. For outbreaks where no data were supplied for age and/or sex, the pattern
observed in the West African outbreak (for which there were the most comprehensive data) was used to
apportion these total values.

One thousand draws were taken from a normal distribution fitted between these lower and upper
bound values, which generated mean estimates stratified by age, sex, location, and year along with
credible intervals for these numbers. These estimates were then adjusted by including the count data
for imported cases from 2014.

Data on Ebola outbreaks prior to 2014 are sparse, and as a result many values derived from the West
African outbreak were assumed to be valid for historical outbreaks as well. This may mask significant
differences that exist between these outbreaks, some of which were caused by different species of
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Ebolavirus. In order to minimize this problem, we chose to implement a data-driven approach — for
those outbreaks where sufficiently detailed historical data could be obtained, these were used in
preference to any assumed age/sex breakdown.
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Zika Virus Disease
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Input data

Case data and death data come from official reports, primarily from PAHO.

Modelling strategy

We model Zika deaths using a natural history approach in which we estimate deaths as the product of
cases and case fatality. We estimate the number of true symptomatic cases as the product of reported
cases and country-specific expansion factors that adjust for underreporting. Those expansion factors are
derived from our dengue model and the methods used for their estimation are detailed in the dengue

model documentation and by Stanaway and colleagues.

We then use an intercept only, mixed-effects Poisson regression model, with random effects on
location, to estimate case fatality. Here, our outcome variable is reported Zika deaths and our exposure
variable is estimated number of symptomatic Zika cases. For location-years with reported Zika deaths,
we estimate deaths from the fixed effects (ie, intercept and offset) and random effects, including
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uncertainty from both effects. For location-years with no Zika death reports, but with reported Zika
cases, we estimate deaths from the fixed effects and sample from the distribution of all random effects.

For GBD 2017, we have both refreshed the data as well as conducted two systematic literature reviews
to more completely incorporate the growing literature on Zika.

Reference
1 Stanaway JD, Shepard DS, Undurraga EA, Halasa YA, Coffeng LE, Brady OJ, et al. The global burden of

dengue: an analysis from the Global Burden of Disease Study 2013. The Lancet Infectious Diseases
[Internet]. 2016 Feb
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Other neglected tropical diseases (NTDs)
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We modelled other neglected tropical disease mortality using all available data in the cause of death
database. Data points were outliered if they reported an improbable number of deaths or if their
inclusion in the model yielded distorted trends.

Modelling strategy

We modelled other neglected tropical disease mortality using a two-model hybrid approach: 1) a global
CODEm model of all locations, using all data in the CoD database; and 2) a CODEm model restricted to
data-rich countries.

We have made no substantive changes in the modelling strategy for other neglected tropical diseases
from GBD 2016.

Level Covariate Direction
1 Healthcare access and quality index -
Proportion of the population living between 0 and 15 degrees latitude +
2 Proportion of the population living in the 5™ quintile of rainfall +
Sanitation -
3 Education (years per capita) -
Lag-distributed income (per capita) -
Socio-demographic Index -
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Meningitis
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Input data for the overall meningitis model came from the cause of death database, which includes vital
registration (VR) and verbal autopsy (VA) data. We outliered data in instances where garbage code
redistribution and noise reduction, in combination with small sample sizes, resulted in unreasonable
cause fractions when compared to regional, super-regional, and global rates, and data that violated
well-established time or age trends. Outliering methods were consistent across both VR and VA data.

Etiology splits are derived from cause-specific VR mortality data. Viral meningitis mortality is rare except
in the youngest age groups and is included with “other meningitis” etiology.

Modelling strategy

We modeled deaths due to all bacterial meningitis with two CODEm models, separately for each sex and
two age categories —under 5 and 5 years and above. The mortality trends differ substantially between
children and adults, and there are a significant number of data sources that only have data for children
under 5. The two models used the same covariates and otherwise standard CODEm parameters. The
final sex-specific models for deaths due to all bacterial meningitis were a hybridised model of separate
global and data-rich models for males and females.

To obtain estimates for each of the four etiologies of bacterial meningitis — meningococcal,
pneumococcal, H. influenzae type B, and other bacterial — we ran separate proportion models in
DisMod-MR 2.1 using cause-specific VR data. The meningococcal meningitis proportion model used two
country-level covariates to inform the model — proportion of the population living within the meningitis
belt!, and proportion of the population covered by the meningococcal meningitis type A vaccine (an
initiative called Menafrivac). The pneumococcal meningitis model was informed by PCV3 vaccine
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coverage, and the H influenza type B meningitis model was informed by HiB3 vaccine coverage. The
other meningitis proportion model did not use any country-level covariates.

Since DisMod-MR 2.1 estimates in 5-year intervals, the etiological proportions for years between the
intervals were interpolated at the draw level. The four proportion models were scaled to 1 at the draw
level for each location, year, sex, and age combination. We applied these proportions to the total
meningitis cause of death models to produce estimates for each of the four etiologies. In GBD 2017 we
added the same vaccine-specific covariates used in the mortality proportion models to the parent
meningitis mortality model. Covariates were weighted and selected in the ensemble modelling process.
The covariate inputs for the final published CODEm parent models, and the coefficients for the VR
etiology proportion models are listed below.

Parent Meningitis CODEm model covariate table (0-4 years, 5-95+ years)

Covariate Name Level Direction
Meningitis belt (proportion of population in belt) 1 1
Menafravac coverage 1 -1
H influenzae B proportion covered 1 -1
Underweight proportion 2 1
Water (proportion with access) 2 -1
Health system access 2 -1
Healthcare access and quality index 2 -1
DTP3 Coverage 3 -1
LDI 3 -1
Sanitation (proportion with access) 3 -1
Maternal education (years per capita) 3 -1
Socio-demographic Index 3 -1

Vital registration etiology proportion DisMod model covariate tables

Meningococcal mortality proportion
Measure Covariate Type beta exp beta
Proportion meningitis belt (proportion) Country 0.029 ( 0.00052 — 0.14) | 1.03 (1.00 — 1.15)

Proportion of total population
. covered by menafrivac
Proportion initiative (meningitis Country -1 (-2 —-0.0053) 0.37 (0.14 — 0.99)
meningococcal type A vaccine)

H influenzae B mortality proportion

Measure Covariate Type beta exp beta
. Hib3 Vaccine Coverage -0.04 ( -0.098 — -

Proportion (proportion) Country 0.0022) 0.96 (0.91 — 1.00)
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Pneumococcal mortality proportion

Measure Covariate Type beta exp beta
Proportion | PCV3 Coverage (proportion) Country 600%%122)( -0.0048 — - 1.00 (1.00 — 1.00)
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Encephalitis
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For GBD 2017, vital registration and verbal autopsy data were used to model this cause. We outliered
data in instances where garbage code redistribution and noise reduction, in combination with small
sample sizes, resulted in unreasonable cause fractions when compared to regional, super-regional, and
global rates, and data that violated well-established time or age trends. Outliering methods were
consistent across both vital registration and verbal autopsy data.

Modelling strategy

We modelled deaths due to encephalitis with a standard CODEm model using the cause of death
database and location-level covariates as inputs. We hybridised separate global and data-rich models to
acquire unadjusted results, which were adjusted using CodCorrect to reach final years of life lost (YLLs)
due to encephalitis.

We previously used two separate age models for encephalitis, 0-5 years and 5-95. Starting in GBD 2015,
we modelled encephalitis using the full age range in one model. Another significant change was the
addition of the Japanese encephalitis covariate, which is a binary covariate indicating if the location is
known to be endemic for Japanese encephalitis. The covariate was modelled according to data from the
Centers for Disease Control and Prevention.! For GBD 2017, we updated the Japanese encephalitis
covariate to include regions of Russia that are included as endemic regions in the CDC report. We also
added the DTP3 coverage covariate to the model. A full list of covariate inputs in the published model
can be found below. Covariates were weighted and selected based on the ensemble model process.
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Covariate Name Level Direction
Japanese encephalitis binary 1 1
Underweight proportion 1 1
LDI 2 -1
Health system access 2 -1
Healthcare access and quality index 2 -1
DTP3 coverage 3 -1
Proportion of in-facility deliveries 3 -1
Sanitation (proportion with access) 3 -1
Water (proportion with access) 3 -1
Maternal education (years per capita) 3 -1
Socio-demographic Index 3 -1
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(1) Centers for Disease Control (CDC). CDC health information for international travel 2016: the yellow
book. New York City, United States: Oxford University Press, USA, 2016.
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Diphtheria
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Modelling strategy overview
For this round of the GBD, we implemented two separate methods for modelling diphtheria mortality

based on the quality of available vital registration data. For countries with well-defined vital registration
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(ie, “data-rich” countries), we used a cause of death ensemble model (CODEm) approach. For the
remaining countries, we used a custom count model approach.

Data-rich countries

For data-rich countries, we used a CODEm strategy in count space to model vital registration (VR) data
through time using the following country covariates:

Level

Covariate

Direction

Diphtheria-tetanus-pertussis third-dose
vaccination coverage (DTP3)

Health systems access (capped)

Healthcare access and quality (HAQ) index

Wasting (proportion under 2SD)

Lagged-distributed income (LDI)

Socio-demographic Index (SDI)

Mean years of education per capita

Models in count space had lower out-of-sample root mean squared error (RMSE) than rate-space
models and were thus chosen as final models for these data-rich countries.
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Custom count model

To inform the custom model of diphtheria mortality, vital registration and surveillance data from the
cause of death database were used. Data with very high cause fractions (those greater than the 99th
percentile values) were excluded.

Due to the small number of recorded deaths, diphtheria mortality was modelled using a negative
binomial regression. Cause fractions representing number of deaths as a proportion of the all-cause
mortality envelope were regressed on the diphtheria-pertussis-tetanus third-dose (DPT3) vaccine
coverage covariate with dummy variables for each GBD age group, with death counts as the dependent
variable and the offset as the total number of deaths:

)/Ij :ﬁg -/-ﬂ] DTP31] +ag9a1'/'+ €ij,

where Yj; is the log-transformed cause fraction, 8 is the fixed-effect intercept, 8; is the fixed-effects
slope on vaccine coverage, ageqij is the dummy variable for each GBD age group in the estimation, ej; is
the residual, i is the year, and j is the location. The negative binomial model was used here over a
Poisson count model because it more appropriately accounts for large variance (over-dispersion) in the
data. Uncertainty was estimated by taking 1,000 iterations of the predictions based on the variance-
covariance matrix and a random sample of the dispersion parameter from a gamma distribution.
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Pertussis (whooping cough)
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Modelling strategy overview

We implemented two separate methods for modeling pertussis mortality based on the quality of
available vital registration data. For countries with well-defined vital registration (ie, “data-rich”
countries), we used a cause of death ensemble model (CODEm) approach. For the remaining countries,
we used a natural history model approach. For all countries, we estimated for the age range post-
neonatal to 59 years.

Data-rich countries

For data-rich countries (ie, countries with vital registration more than 65% complete for all GBD
estimation years, 1980-2017), we used a strategy in count space to model vital registration (VR) data
through time using the following country covariates:

Level | Covariate Direction
Diphtheria-tetanus-pertussis third-dose
vaccination coverage (DTP3)

1 Health system access (capped) -

Malnutrition +
Healthcare access and quality (HAQ) index -
Lagged-distributed income (LDI) -
3 Socio-demographic Index (SDI) -
Mean years of education per capita -
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Models in count space (as opposed to rate space) had lower out-of-sample root mean squared error
(RMSE) and were thus chosen as final models for these countries.

Natural history model

To inform the natural history model that was used as the modelling approach for countries without well-
defined vital registration, we used data from the following sources: World Health Organization (WHO)
case notifications; historical case notifications for the United Kingdom back to 1940; vital registration
(VR) data in countries defined as “data-rich”; case fatality data identified by collaborators; and case
fatality data identified through systematic literature reviews. The PubMed search query was: (whooping
cough [Title/Abstract]) OR (pertussis [Title/Abstract]) AND (case fatality [Title/Abstract]). Studies were
included if they reported case fatality rate, number of deaths, and number of cases. Studies were
excluded if they included non-representative samples only.

Pertussis mortality in these remaining countries was modelled using a natural history-based model
because CODEm does not predict well for countries without data.

First, we modelled log-transformed incidence from whooping cough case notifications reported to WHO
(1985-2017) with diphtheria-tetanus-pertussis dose three (DTP3) vaccination coverage using the
following equation:

)/1/ :Igﬂ +13] DTP31/+ Uj+81'j,

where Yj; is the log-transformed incidence rate (in cases per 100,000 persons using WHO case
notifications and GBD populations), 8 is the fixed effect intercept, 8; is the fixed effects slope on the
log-transformed proportion of unvaccinated individuals, u;is the country random effect, ej; is the
residual, i is the year, and j is the location. Historical data of UK pertussis cases and UK DTP3 coverage
rates (both back to 1940) were also used to inform the incidence model. The random effect by country
allowed for registration completeness to vary by country.

The results of this model were then used to predict incidence as a function of vaccine coverage. To
correct for underreporting in case notifications, we used a value of the random effect that matched the
highest random effect in a high-income region — Switzerland (which has a pertussis monitoring system
which captures a high percentage of cases) — to get an implied attack rate assumed to be the same for
all unvaccinated populations. Uncertainty was estimated by taking 1,000 iterations of the predictions
based on the variance-covariance matrix.

Second, we modelled the pertussis case fatality rate using a negative binomial model with the
healthcare access and quality (HAQ) index as a covariate:

Yi=Po+ B1HAQy + u; + ejj,

where Yj; is the number of deaths (using pertussis cases as the offset term); 8, is the fixed-effect
intercept; 83, is the fixed-effects slopes on the healthcare access and quality (HAQ) index; u;is country-
level random effects; ej; is the residual; i is the year; and j is the location. Uncertainty was estimated by
taking 1,000 iterations of the predictions based on the variance-covariance matrix and a random sample
from a gamma distribution of the dispersion parameter.
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Finally, whooping cough deaths were calculated at the 1,000-draw level as

deaths = incidence * CFR .

We estimated overall number of deaths and then assigned an age-sex distribution based on the age- and
sex-specific patterns found in the cause of death data.
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Tetanus
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Mortality data from vital registration, verbal autopsy, and surveillance sources were used in tetanus
cause of death models. Data were excluded if they largely conflicted with the majority of data from
other studies conducted either in the same or different countries in the same region with similar

sociodemographic characteristics.

Modelling strategy

A count-space cause of death ensemble modelling strategy (CODEm) was used. We ran separate models

by age (under 1 year and 1 to 95+ years of age), sex (male and female), and data quality (data-rich and
global). We used the following covariates for the under-1 models:

Level | Covariate Direction
Diphtheria-tetanus-pertussis third-dose

1 vaccination coverage (DTP3) i
Tetanus toxoid coverage -
In-facility deliveries (proportion) -

5 Skilled birth attendance (proportion -
Health systems access (capped) -
Healthcare access and quality index (HAQ) -
Lagged-distributed income (LDI) -

3 Socio-demographic Index (SDI) -
Mean years of education per capita -

and the following covariates for the 1+ models:
Level | Covariate Direction
Diphtheria-tetanus-pertussis third-dose

1 . -
vaccination coverage (DTP3)

2 Health systems access (capped) -
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Healthcare access and quality index (HAQ) -
Sanitation (proportion) -
Lagged-distributed income (LDI) -
Socio-demographic Index (SDI) -
Mean years of education per capita -

Models in count space had lower out-of-sample root mean squared error (RMSE) than rate-space
models and were thus chosen as final models for these data-rich countries.
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Measles
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We implemented two separate methods for modelling measles mortality based on the quality of
available vital registration data. For countries with well-defined vital registration (ie, “data-rich”

countries), we used a cause of death ensemble model (CODEm) approach. For the remaining countries,
we used a natural history model approach. For all countries, we estimated for the age range post-

neonatal to 59 years.

Data-rich countries

For data-rich countries, we used a CODEm strategy in count space to model vital registration (VR) data

through time using the following country covariates:

Level | Covariate

Direction

1 Measles-containing vaccination dose one (MCV1)

2 Healthcare access and quality (HAQ) index

Health systems access (capped)

3 Socio-demographic Index (SDI)

Mean years of education per capita

Covariates including measles-containing vaccination dose two (MCV2) coverage were excluded due to
their collinearity with MCV1. Models in count space (as opposed to rate space) had lower out-of-sample
root mean squared error (RMSE) and were thus chosen as final models for these countries.
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Natural history model

To inform the natural history model, we used data from the following sources: World Health
Organization (WHO) case notifications from 1995 to 2017 (most recently released in June 2018);
additional case notification sources identified by collaborators (eg, Japan and USA subnational
surveillance); vital registration (VR) data in countries with well-defined vital registration data; and case
fatality data identified through systematic literature reviews. Studies were included in the literature
review if they reported case fatality rate, number of deaths, and number of cases. Studies were
excluded if they were conducted on non-representative samples.

Measles mortality in the non-data-rich countries was modelled using a natural-history-based model.

First, we modelled measles incidence with a mixed-effects linear regression of case notifications from
WHO (1995-2017) on both doses of routine measles vaccination rates (MCV1 and MCV2) and
supplementary immunization activity (SIA) coverage using the following equation:

Yi= Lo+ LiMCV1y+ B2MCVZ2y + a3SIAai + uj + ey,

where Yj; is the log-transformed incidence rate (in cases per 100,000 persons using WHO case
notifications and GBD populations); 8 is the fixed-effect intercept; 84, 8>, and 8,3 are the fixed-effects
slopes on the log-transformed proportion of population without the MCV1 vaccine, log-transformed
proportion of population without the MCV2 vaccine, and supplementary vaccination coverage
(administered doses over the target population of all under-15s) lagged by a=1-5 years, respectively; u;
is the super-region, region, and country-level random effects; ej; is the residual; i is the year; and j is the
location.

The results of this mixed effects regression model were then used to predict location-year-specific
incidence as a function of routine vaccine coverage and SlAs. To correct for underreporting in case
notifications, we added the effect of a 95% attack rate, assumed to be the same across all unvaccinated
populations. Uncertainty was estimated by taking 1,000 iterations of the predictions based on the
variance-covariance matrix. For locations in three super-regions — high-income, Central Europe/Eastern
Europe/Central Asia and Latin America and Caribbean — we used reported measles cases as incident
cases. More information on this part of the natural history model can be found in the non-fatal methods
appendix for this round of the GBD.

Second, measles case fatality ratio was modelled using a mixed effects negative binomial regression
using the Socio-demographic Index (SDI) as a country covariate and three indicators (hospital-based or
not; outbreak or not; and rural or urban/mixed) as study-level covariates, with country random effects:

Yy = o + L1SDI + [zhospitali + fsoutbreaky + fsruraly + uj + ey,

where Yj; is the number of deaths (using measles cases as the offset term); 8, is the fixed-effect
intercept; 83, B2, 83, and B, are the fixed-effects slopes on the Socio-demographic Index (SDI) and
hospital, outbreak, and rurality study-level covariates; u;is country-level random effects; ej is the
residual; i is the year; and j is the location. Uncertainty was estimated by taking 1,000 iterations of the
predictions based on the variance-covariance matrix and uncertainty in country random effects. The fit
of the model was evaluated using diagnostic plots of predicted versus observed values.
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Finally, estimated deaths were calculated at the 1,000-draw level from the two sets of custom model

predictions as:

deaths = incident cases * CFR .

We estimated overall number of deaths and then assigned an age-sex distribution based on the global-
level age- and sex-specific patterns found in the cause of death data.
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Varicella and Herpes Zoster
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Modelling strategy overview

We implemented two separate methods for modelling varicella and herpes zoster mortality based on
the quality of available vital registration data. For countries with well-defined vital registration (ie, “data-
rich” countries), we used a cause of death ensemble model (CODEm) approach. For the remaining
countries, we used a custom count model approach.

Data-rich countries
For data-rich countries, we used a CODEm strategy in count space to model vital registration (VR) data
through time using the following country covariates:

Level | Covariate Direction
Health systems access (capped) 0

1 Healthcare access and quality (HAQ) index
Malnutrition (proportion under 2SD)
Lagged-distributed income (LDI)
Socio-demographic Index (SDI)

o|Oo|+ |O

Models in count space had lower out-of-sample root mean squared error (RMSE) than rate-space
models and were thus chosen as final models for these data-rich countries.

Custom count model

Since CODEm did not predict well in data-sparse areas, we used a custom model in count-space for
countries without well-defined vital registration data. Vital registration, verbal autopsy, and surveillance
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data from the cause of death database were used. Data with very high cause fractions (those greater
than the 99th percentile values) were excluded in the negative binomial regression.

We used a negative binomial regression to model varicella mortality. Using the input data mentioned
above, we modelled counts of deaths due to varicella using the healthcare access and quality (HAQ)
index and age dummy variables with the offset set to the location- year- age- and sex-specific
populations:

)/Ij :ﬁg -/-ﬂ] HAQI] + dgeajj + €ij,

where Yj; is the log-transformed cause fraction, 8 is the fixed-effect intercept, 8; is the fixed-effects
slope on HAQ, agegjj is the dummy variable for each GBD age group in the estimation, ej is the residual,
iis the year, and j is the location. Uncertainty was estimated by taking 1,000 iterations of the predictions
based on the variance-covariance matrix and a random sample of the dispersion parameter from a
gamma distribution.

162



Acute Hepatitis: Total and Virus-Specific
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Virus-specific CoD data for acute hepatitis are inconsistently reported and of questionable accuracy. We
therefore use a two-part modelling strategy for acute hepatitis A, B, C, and E. First, we develop a parent
acute hepatitis mortality model using CODEm and all acute hepatitis mortality data within the CoD
database (Part 4 above). Second, we develop four separate natural history models to estimate deaths
from acute hepatitis A, B, C, and E (Parts 1-3). Finally, we rescale the virus-specific death estimates from
the four natural history models to fit within the envelope defined by the parent acute hepatitis CoD
model (Part 5).

Starting in GBD 2017, the virus-specific mortality modelling has changed in a few key ways. In GBD 2016,
virus-specific case fatality ratio (CFR) was derived by calculating in-hospital case fatality ratio from Brazil
hospital data and using published all-age population CFR from scientific literature to rescale the in-
hospital CFR age pattern to a population CFR age pattern. Population CFR was multiplied by incidence to
derive virus-specific deaths. The population CFR was specific to virus and age, but not location or year. In
GBD 2017, we introduce a location- and year-specific CFR, which is then used to calculate virus-specific
proportions of deaths as before.

Our new approach to calculating CFR is shown in parts two and three of the flowchart. We expanded the
hospital data from Brazil to include 16 additional countries, and calculated virus-specific and age-specific
CFR from this dataset by dividing deaths by admissions according to ICD code. Aggregating hospital
deaths for all hepatitis ICD codes and dividing deaths by incidence from the non-fatal hepatitis models,
we also modelled total hepatitis all-age CFR as a function of the healthcare access and quality (HAQ)
index, thus deriving a location- and year-specific CFR. Aggregating hospital deaths across location, year,
and sex in a separate step allowed us to calculate an age pattern for total hepatitis CFR, which was then
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applied to the all-age CFR. The total hepatitis age-specific CFR was then multiplied by total incidence to
get total deaths, and the virus-specific deaths were rescaled to fit within the total deaths envelope.

Total hepatitis

Input data
We modelled total hepatitis mortality using all available data in the cause of death database. Data

points were outliered if they reported an improbable number of hepatitis deaths or if their inclusion in
the model yielded distorted trends. In some cases, multiple data sources for the same location differed
dramatically both in their quality and reported hepatitis mortality (eg, a verbal autopsy and vital
registration source). In these cases, the lower-quality data source was outliered.

Modelling strategy

We modelled hepatitis mortality using a two-model hybrid approach: 1) a global CODEm model of all
locations, using all data in the CoD database; and 2) a CODEm model restricted to data-rich countries.
This model is represented as part four in the diagram above. Some covariates were changed in GBD
2017. We introduced a new covariate of hepatitis B vaccination, switched from an older measure of
health system access to the healthcare access and quality index, and switched from proportion of unsafe
water and unsafe sanitation to summary exposure values (SEV) of unsafe water and unsafe sanitation.
The full covariate list is included below:

Level | Covariate Direction | Transformation
SEV scalar (hepatitis)
Seroprevalence (HBsAg)
Seroprevalence (anti-HCV)
Seroprevalence (anti-HAV)
1 Seroprevalence (anti-HEV)
HAQ index

SEV unsafe sanitation

+ |+ |+ |+

SEV unsafe water
Socio-demographic Index -
Hep B vaccine coverage (1 and 3 doses) proportion aged
2 cohort -
Education (years per capita) -
3 LDI - LN

Acute hepatitis A

Input data
We use anti-HAV seroprevalence data from population-based studies and surveys for the incidence
model.

Modelling strategy
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As outlined above, the hepatitis A model produces a proportion which is applied to the total hepatitis
deaths. We estimate acute hepatitis A deaths as the product of our non-fatal incidence estimates and
the case fatality rate:

Acute deaths = Acute incidence * [
Where:
B = Case fatality rate

Case fatality rate is derived by dividing the number of deaths due to acute hepatitis A by number of
admissions (based on hospital data). This approach to calculating case fatality rate is a change from GBD
2016 (described in more detail in the introductory section on the overall modelling strategy). In GBD
2016, we used published estimates of acute hepatitis A case fatality [Rein et al, 2007'], sampling from a
beta distribution to propagate uncertainty.

We model the prevalence of hepatitis A using a full DisMod model of anti-HAV seroprevalence.
Given its reasonably stable force of infection among susceptible people across age groups, we derive
incidence from the prevalence estimates using the following formula:

—In(1 — prev
incid = (-~ prev) * (1 —prev)
ag€mid

This approach is a modification from GBD 2016, where we used a binomial generalised linear model with
a complementary log-log link, and an offset term for log-age. That previous model used a predictive
covariate derived from principal components analysis of lag-distributed income (LDI) and the proportion
of the population with access to improved water.

Acute hepatitis B

Input data
We use hepatitis B surface antigen (HBsAg) seroprevalence data from population-based studies and
surveys for the incidence model.

Modelling strategy
As outlined above, the hepatitis B model produces a proportion which is applied to the total hepatitis
deaths. We estimate acute hepatitis B deaths as the product of our non-fatal incidence estimates and
the case fatality rate:
Acute deaths = Acute incidence * f8
Where:
B = Case fatality rate

Case fatality rate is derived by dividing the number of deaths due to acute hepatitis B by number of

admissions (based on hospital data). This approach to calculating case fatality rate is a change from GBD
2016 (described in more detail in the introductory section on the overall modelling strategy). In GBD
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2016, we used published estimates of acute hepatitis B case fatality [Bianco et al 20032], sampling from
a beta distribution to propagate uncertainty.

We model the incidence of chronic HBsAg carriage using a full DisMod model of HBsAg seroprevalence.
We then convert incidence of chronic carriage to total incidence of hepatitis B infection by dividing age-
specific estimates of the incidence of chronic carriage by age-specific estimates of the probability of
infection resulting in carriage from Edmunds et al 19933, We then multiply incident infection estimates
by estimates of probability of acute incidence, derived from cases in McMahon et al 1997*and sampling
from a beta distribution to propagate uncertainty.

Chronic carriage

B

Incident acute infection = Incidence infection * 3,

Incident infection =

Where:
B1 = Probability of chronic infection
B, = Probability of acute infection

Acute hepatitis C

Input data
We use anti-HCV seroprevalence data from population-based studies and surveys for the incidence
model.

Modelling strategy
As outlined above, the hepatitis C model produces a proportion which is applied to the total hepatitis
deaths. We estimate acute hepatitis C deaths as the product of our non-fatal incidence estimates and
the case fatality rate:

Acute deaths = Acute incidence * f8
Where:
B = Case fatality rate

Case fatality rate is derived by dividing the number of deaths due to acute hepatitis C by number of
admissions (based on hospital data). This approach to calculating case fatality rate is a change from GBD
2016 (described in more detail in the introductory section on the overall modelling strategy). In GBD

2016, we used published estimates of acute hepatitis C case fatality [Stroffolini et al 1997°], sampling
from a beta distribution to propagate uncertainty.

We model the incidence of hepatitis C using a full DisMod model of anti-HCV seroprevalence.

Acute hepatitis E
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Input data
We use anti-HEV seroprevalence data from population-based studies and surveys for the incidence
model.

Modelling strategy
As outlined above, the hepatitis E model produces a proportion which is applied to the total hepatitis
deaths. We estimate acute hepatitis E deaths as the product of our non-fatal incidence estimates and
the case fatality rate:

Acute deaths = Acute incidence * f8
Where:
B = Case fatality rate

Case fatality rate is derived by dividing the number of deaths due to acute hepatitis E by number of
admissions (based on hospital data). This approach to calculating case fatality rate is a change from GBD
2016 (described in more detail in the introductory section on the overall modelling strategy). In GBD
2016, we used published estimates of acute hepatitis E case fatality [Rein et al, 2012°], sampling from a
beta distribution to propagate uncertainty.

We model the incidence of hepatitis E using a full DisMod model of anti-HEV seroprevalence.
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Input data

We modelled other infectious disease mortality using all available data in the cause of death database.
Data points were outliered if they reported an improbable number of deaths or if their inclusion in the
model yielded distorted trends. In some cases multiple data sources for the same location differed
dramatically both in their quality and reported other infectious diseases mortality (eg, a verbal autopsy
and vital registration source). In these cases the lower-quality data source was outliered.

Modelling strategy

We modeled other unspecified infectious disease mortality using a two-model hybrid approach: 1) a
global CODEm model of all locations, using all data in the CoD database; and 2) a CODEm model
restricted to data-rich countries.

The covariates used in the model include:

Direction

,_
)
<
o

Covariate name

ANC proportion

DPT3 coverage

Education

Health system access

Underweight

Measles vaccine coverage

Sanitation proportion

NINIFRINIRPIWIFRLIN
+

Clear water proportion
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‘ Socio-demographic Index ‘ 3 -

We have made no substantive changes to the modelling strategy since GBD 2016.
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CODEm models were informed by centrally prepped data stored in the cause of death (COD) database.
All data were corrected for incidental HIV deaths. Spectrum outputs of HIV prevalence in pregnancy
were combined with relative risk of mortality during pregnancy (HIV-positive versus HIV-negative) to
calculate population attributable fractions (PAFs). A proportion of these deaths are incidental and a
proportion are maternal. PAFs were applied to all sibling history and census data to remove incidental
HIV deaths. We performed an updated literature review to search for new scientific articles reporting
data on maternal mortality, morbidity, and relative risk of mortality in pregnancy in HIV-positive versus
HIV-negative women. We completed this search on July 20, 2017, using the following search string:

( ((((("Postpartum Hemorrhage" OR "Uterine Hemorrhage" ) OR ( maternal[Title/Abstract] OR
pregnant[Title/Abstract] OR pregnancy[Title/Abstract] OR mothers ) AND ( haemorrhag*[Title/Abstract]
OR hemorrhag*[Title/Abstract] ) NOT "case report"[All fields] ) OR ( ( "induced abortion" OR
"Therapeutic abortion" OR "legal Abortion" OR "medical abortion" OR "miscarriage" OR "Abortion,
Induced"[Mesh] OR "Abortion, Therapeutic"[Mesh] OR "Abortion, Legal"[Mesh] OR "ectopic Pregnancy"
) NOT ( "case report"[Title/Abstract] OR "birth defect"[Title/Abstract] OR congenital[Title/Abstract] ))
OR ( "obstructed labour" OR "obstructed labor" OR "labour dystocia" OR "labor dystocia" OR dystocia
OR "cephalopelvic disproportion" OR "cephalo-pelvic disproportion" ) OR ( ( "obstetric fistula" OR
"vesicovaginal fistula" ) OR "rectovaginal fistula" ) OR ( ( "Puerperal Infection"[Mesh] OR "Puerperal
Infection" OR ( (maternal[Title/Abstract] OR pregnant[Title/Abstract] OR pregnancy[Title/Abstract] )
AND ( Sepsis OR infection[Title/Abstract] ) ) ) NOT "case report" ) OR ( (Pre-Eclampsia[Title/Abstract] OR
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preeclampsia[Title/Abstract] OR Eclampsia[Title/Abstract] OR Pre-Eclampsia[Mesh] OR Eclampsia[Mesh]
OR "Hypertension, Pregnancy-Induced"[Mesh] OR "pregnancy induced hypertension"[Title/Abstract] OR
"gestational hypertension"[Title/Abstract] OR "Hypertensive disorders of pregnancy"[Title/Abstract])
NOT ("case report" OR "kidney don*"[Title/Abstract] OR polymorphism*[Title/Abstract] OR
endotheli*[Title/Abstract]) ) ) AND ( 2016/08/01[PDat] : 2017/12/31[PDat] ) NOT ( animals[MeSH] NOT
humans[MeSH] ))) OR ((( ( ( ( "maternal mortality"[Title/Abstract] OR "maternal death"[Title/Abstract]
OR "MM"[Title/Abstract] OR "confidential enquiry"[Title/Abstract] OR ( ( obstetric[Title/Abstract] OR
pregnancy[Title/Abstract] ) AND (etiology[Title/Abstract] OR cause[Title/Abstract] or
pattern[Title/Abstract] ) AND ( death[Title/Abstract] OR mortality[Title/Abstract] ) ) ) NOT (
fetal[Title/Abstract] OR newborns[Title/Abstract] OR newborn[Title/Abstract] OR
neonatal[Title/Abstract] OR “case report”[Title/Abstract] OR “case study”[Title/Abstract] OR
pathogenesis[Title/Abstract] OR thromboprophylaxis[Title/Abstract] ) ) NOT ( animals[MeSH] NOT
humans[MeSH] ) OR ( ( (“maternal mortality”[Title/Abstract] OR “maternal death*”[Title/Abstract] OR
“MMR”[Title/Abstract]) AND (“Afghanistan”[Title/Abstract] OR “Albania”[Title/Abstract] OR
“Algeria”[Title/Abstract] OR “Andorra”[Title/Abstract] OR “Angola”[Title/Abstract] OR “Antigua and
Barbuda”[Title/Abstract] OR “Argentina”[Title/Abstract] OR “Armenia”[Title/Abstract] OR
“Azerbaijan”[Title/Abstract] OR “Bahrain”[Title/Abstract] OR “Bangladesh”[Title/Abstract] OR
“Barbados”[Title/Abstract] OR “Belarus”[Title/Abstract] OR “Belize”[Title/Abstract] OR
“Benin”[Title/Abstract] OR “Bhutan”[Title/Abstract] OR “Bolivia”[Title/Abstract] OR “Bosnia and
Herzegovina”[Title/Abstract] OR “Botswana”[Title/Abstract] OR “Brazil”[Title/Abstract] OR
“Brunei”[Title/Abstract] OR “Bulgaria”[Title/Abstract] OR “Burkina Faso”[Title/Abstract] OR
“Burundi”[Title/Abstract] OR “Cambodia”[Title/Abstract] OR “Cameroon”[Title/Abstract] OR “Cape
Verde”[Title/Abstract] OR “Central African Republic”[Title/Abstract] OR “Chad”[Title/Abstract] OR
“China”[Title/Abstract] OR “Colombia”[Title/Abstract] OR “Comoros”[Title/Abstract] OR
“Congo”[Title/Abstract] OR “Costa Rica”[Title/Abstract] OR “Croatia”[Title/Abstract] OR
“Cuba”[Title/Abstract] OR “Cyprus”[Title/Abstract] OR “Cote d’lvoire”[Title/Abstract] OR “Democratic
Republic of the Congo”[Title/Abstract] OR “Djibouti”[Title/Abstract] OR “Dominica”[Title/Abstract] OR
“Dominican Republic”[Title/Abstract] OR “Ecuador”[Title/Abstract] OR “Egypt”[Title/Abstract] OR “El
Salvador”[Title/Abstract] OR “Equatorial Guinea”[Title/Abstract] OR “Eritrea”[Title/Abstract] OR
“Ethiopia”[Title/Abstract] OR “Federated States of Micronesia”[Title/Abstract] OR “Fiji”[Title/Abstract]
OR “Gabon”[Title/Abstract] OR “Georgia”[Title/Abstract] OR “Ghana”[Title/Abstract] OR
“Grenada”[Title/Abstract] OR “Guatemala”[Title/Abstract] OR “Guinea”[Title/Abstract] OR “Guinea-
Bissau”[Title/Abstract] OR “Guyana”[Title/Abstract] OR “Haiti”[Title/Abstract] OR
“Honduras”[Title/Abstract] OR “India”[Title/Abstract] OR “Indonesia”[Title/Abstract] OR
“Iran”[Title/Abstract] OR “Iraq”[Title/Abstract] OR “Jamaica”[Title/Abstract] OR “Jordan”[Title/Abstract]
OR “Kazakhstan”[Title/Abstract] OR “Kenya”[Title/Abstract] OR “Kiribati”[Title/Abstract] OR
“Kuwait”[Title/Abstract] OR “Kyrgyzstan”[Title/Abstract] OR “Laos”[Title/Abstract] OR
“Latvia”[Title/Abstract] OR “Lebanon”[Title/Abstract] OR “Lesotho”[Title/Abstract] OR
“Liberia”[Title/Abstract] OR “Libya”[Title/Abstract] OR “Lithuania”[Title/Abstract] OR
“Macedonia”[Title/Abstract] OR “Madagascar”[Title/Abstract] OR “Malawi”[Title/Abstract] OR
“Malaysia”[Title/Abstract] OR “Maldives”[Title/Abstract] OR “Mali”[Title/Abstract] OR
“Malta”[Title/Abstract] OR “Marshall Islands”[Title/Abstract] OR “Mauritania”[Title/Abstract] OR
“Mauritius”[Title/Abstract] OR “Moldova”[Title/Abstract] OR “Mongolia”[Title/Abstract] OR
“Montenegro”[Title/Abstract] OR “Morocco”[Title/Abstract] OR “Mozambique”[Title/Abstract] OR
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“Myanmar”[Title/Abstract] OR “Namibia”[Title/Abstract] OR “Nepal”[Title/Abstract] OR
“Nicaragua”[Title/Abstract] OR “Niger”[Title/Abstract] OR “Nigeria”[Title/Abstract] OR “North
Korea”[Title/Abstract] OR “Oman”[Title/Abstract] OR “Pakistan”[Title/Abstract] OR
“Palestine”[Title/Abstract] OR “Panama”[Title/Abstract] OR “Papua New Guinea”[Title/Abstract] OR
“Paraguay”[Title/Abstract] OR “Peru”[Title/Abstract] OR “Philippines”[Title/Abstract] OR
“Qatar”[Title/Abstract] OR “Romania”[Title/Abstract] OR “Russia”’[Title/Abstract] OR
“Rwanda”[Title/Abstract] OR “Saint Lucia”[Title/Abstract] OR “Saint Vincent and the
Grenadines”[Title/Abstract] OR “Samoa”[Title/Abstract] OR “Saudi Arabia”[Title/Abstract] OR
“Senegal”[Title/Abstract] OR “Serbia”[Title/Abstract] OR “Seychelles”[Title/Abstract] OR “Sierra
Leone”[Title/Abstract] OR “Singapore”[Title/Abstract] OR “Solomon Islands”[Title/Abstract] OR
“Somalia”[Title/Abstract] OR “South Africa”[Title/Abstract] OR "South Sudan"[Title/Abstract] OR “Sri
Lanka”[Title/Abstract] OR “Sudan”[Title/Abstract] OR “Suriname”[Title/Abstract] OR
“Swaziland”[Title/Abstract] OR “Syria”[Title/Abstract] OR “S3o Tomé and Principe”[Title/Abstract] OR
“Taiwan”[Title/Abstract] OR “Tajikistan”[Title/Abstract] OR “Tanzania”[Title/Abstract] OR
“Thailand”[Title/Abstract] OR “The Bahamas”[Title/Abstract] OR “The Gambia”[Title/Abstract] OR
“Timor-Leste”[Title/Abstract] OR “Togo”[Title/Abstract] OR “Tonga”[Title/Abstract] OR “Trinidad and
Tobago”[Title/Abstract] OR “Tunisia”[Title/Abstract] OR “Turkmenistan”[Title/Abstract] OR
“Uganda”[Title/Abstract] OR “Ukraine”[Title/Abstract] OR “United Arab Emirates”[Title/Abstract] OR
“Uruguay”[Title/Abstract] OR “Uzbekistan”[Title/Abstract] OR “Vanuatu”[Title/Abstract] OR
“Venezuela”[Title/Abstract] OR “Vietnam”[Title/Abstract] OR “Yemen”[Title/Abstract] OR
“Zambia”[Title/Abstract] OR “Zimbabwe”[Title/Abstract]) NOT ( animals[MeSH] NOT humans[MeSH] )
NOT ( “demographic and health survey*”[Title/Abstract] OR DHS[Title/Abstract] OR “reproductive
health survey*”[Title/Abstract] OR RHS[Title/Abstract] ) ) ) AND ( 2016/08/15[PDat] : 2017/12/31[PDat] )
))) ) OR( ( HIV[Title/Abstract] OR "Acquired Immunodeficiency Syndrome"[Title/Abstract] OR
AIDS[Title/Abstract] ) AND ( “pregnant”[Title/Abstract] OR “pregnancy”[Title/Abstract] OR
“postpartum”[Title/Abstract] OR "post partum"[Title/Abstract] ) AND ( “mortality”[Title/Abstract] OR
“death”[Title/Abstract] ) NOT "case report" NOT ( animals[MeSH] NOT humans[MeSH] ) AND

( 2016/08/15[PDat] : 2017/12/31[PDat] ) )

All data from all geographies were reviewed in CODEm models. Outliers were identified as those data
where age patterns or temporal patterns were inconsistent with neighbouring age groups or locations or
where sparse data were predicting implausible overall temporal or age patterns for a given location.

We used scientific literature data identified through the search string above to inform DisMod-MR 2.1
aetiology proportion models as well as data from the COD database.

A total of 6,554 literature sources were reviewed for their title and abstract. Of those selected for full
text review, 41 of them were extracted to inform maternal disorder models (fatal and non-fatal). All
cause-specific maternal mortality data were prepped as “proportion” of total maternal deaths due to
that cause. Because many sources do not include the entire cause list, a series of study covariates were
used to facilitate crosswalking back to the reference definition. The reference definition includes “other”
direct obstetric complications, indirect maternal deaths, and late maternal death. All aetiology-specific
COD data were processed to be “proportion” data by calculating the cause-specific deaths divided by
the total maternal deaths for the matching data source, year, age, and location. Late maternal death
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data were only included for the subset of locations where they were reliably coded in raw VR. All data
were uploaded to the non-fatal database.

Modelling strategy
Overall maternal mortality was estimated with CODEm. Covariates included in this model and their level
and directionality are show in the table below:

Age-specific fertility rate +
Total fertility rate (log-transformed) +
Maternal education (years per capita) -
Level 1 In-facility delivery (proportion) —
Skilled birth attendance (proportion) -
Neonatal mortality ratio (log-transformed) +

Age-specific HIV mortality in females 10-54 (log-transformed) +

Antenatal care 1-visit coverage (proportion) -
Antenatal care 4-visits coverage (proportion) =
Age-standardised wasting (weight-for-height) summary exposure value +
revel2 Age-standardised stunting (height-for-age) summary exposure value +

Healthcare access and quality index -

Prevalence of obesity +

Socio-demographic Index
Mortality shock (cumulative rate in last 10 years)

Level 3 +
LDI (log-transformed)

Hospital beds (per 1,000 population)

We used STGPR to estimate MMRs for each of the eight maternal subcauses. This modeling strategy
requires data to be in standard GBD age groups. To achieve this, we used the age pattern of the COD
data for each cause and applied it to the literature data that were not in the standard GBD age groups.
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STGPR also requires variance for each data point. In order to compute variance we ran a Lowess
regression on the data by year and used the variance of the residuals resulting from the difference
between the data and the predicted values.

Country covariates were specific for each model and included abortion legality (for abortion and
miscarriage as well as ectopic pregnancy), log-transformed lag-distributed income (other maternal
deaths, and indirect maternal deaths), unsafe sanitation summary exposure value (for maternal sepsis
and other maternal infections), Socio-demographic Index (for late maternal deaths), logit-transformed
in-facility delivery proportion (for haemorrhage), mean systolic blood pressure (for hypertensive
disorders of pregnancy), and age-specific underweight women (for obstructed labour).

Aetiology-specific estimates were derived by scaling the results from the STGPR subcause-specific
models scaled in relation to each other to equal one and then multiplying them by the total maternal
deaths, corrected for late maternal deaths, for that age group, location, and year. HIV-related maternal
deaths were estimated for all locations using the PAF approach described above for mortality data
processing. Incidental HIV deaths during pregnancy were by definition excluded.
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Neonatal Disorders
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Input data
Mortality for five causes are modeled within “neonatal disorders”: preterm birth complications,

neonatal encephalopathy and birth trauma, neonatal sepsis and other infections, hemolytic disease and
neonatal jaundice, and other neonatal disorders. An overall neonatal disorders “parent” envelope is also
estimated, to which all neonatal causes are squeezed.

For the neonatal disorders envelope, preterm birth complications, neonatal encephalopathy and birth
trauma, neonatal sepsis and other infections, hemolytic disease and neonatal jaundice, and other
neonatal disorders, vital registration and surveillance were the majority of data sources used for GBD
2017 to estimate number of deaths from each condition. In Indian states, only verbal autopsy was used
to inform estimates. Only deaths among males and females under age 5 were modelled, in four separate
age groups: early neonatal period, late neonatal period, post-neonatal period, and 1-4 years. Data points
were selected as outliers if they were implausibly high, low, or significantly conflicted with established
age or temporal patterns.

Modelling strategy
For GBD 2017, the standard CODEm modelling approach was used to model each of the neonatal
conditions. This same method was employed in GBD 2013, 2015, and 2016.

Varying levels of data quality and coding issues may still have affected our results. Validation studies
suggest that verbal autopsy methods tend to be less accurate for cause of death ascertainment in the
neonatal age groups.t™ Thus, for GBD 2017, except for the Indian states, the majority of verbal autopsy
data were excluded.
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All neonatal causes used the following pool of covariates in covariate selection:

Level Covariate Direction

1 Indoor air pollution (all cooking fuels) +
Smoking prevalence (reproductive age-standardized) +

2 Antenatal care (4 visits) coverage (proportion) -
In-facility delivery (proportion) -
Live births 35+ (proportion) +

Skilled birth attendance (proportion) -

Health system access (capped) -

Healthcare access and quality index -

Age-standardised underweight (weight-for-age) SEV +
3 Education (years per capita) -
Lag distributed income per capita (I1$) -
Total fertility rate +

Socio-demographic Index -

References

1 Anker M, Black RE, Coldham C, et al. A Standard Verbal Autopsy Method for Investigating Causes of
Death in Infants and Children. Geneva, Switzerland: World Health Organization Department of
Communicable Disease Surveillance and Response; The Johns Hopkins School of Hygiene and Public
Health; The London School of Hygiene and Tropical Medicine, 1999.

2 Kalter HD, Gray RH, Black RE, Gultiano SA. Validation of postmortem interviews to ascertain selected
causes of death in children. Int J Epidemiol 1990; 19: 380—-6.

3 Quigley MA, Armstrong Schellenberg JR, Snow RW. Algorithms for verbal autopsies: a validation study
in Kenyan children. Bull World Health Organ 1996; 74: 147-54.

4Snow RW, Armstrong JR, Forster D, et al. Childhood deaths in Africa: uses and limitations of verbal
autopsies. The Lancet 1992; 340: 351-5.

176



Nutritional deficiencies: Parent nutritional deficiencies, protein-energy malnutrition, and
other nutritional deficiencies
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Input data and case definitions

For GBD 2017, vital registration, verbal autopsy, and surveillance data were used to model deaths due to
nutritional deficiencies. As described in other sections, the volume of new data was significant. Notable
additions include Sample Registration System (SRS) from states of India and provinces of Indonesia. ICD
codes, which can be interpreted as case definitions, for each of the nutritional deficiencies is listed in the

table below.

Protein-energy E40-E46.9 (Kwashiorkor, marasmus, specified and unspecified protein-
malnutrition calorie malnutrition)

Other nutritional D51-D52.0 (vitamin B12 deficiency anaemia and folate deficiency
deficiencies anaemia)

Other nutritional
deficiencies
Other nutritional
deficiencies

D52.8-D53.9 (other nutritional anaemias)

D64.3 (other sideroblastic anaemias)

E51-E61.9 (thiamine, niacin, other B group vitamins, ascorbic acid, vitamin
D, other vitamin, dietary calcium, dietary selenium, dietary zinc, and other
nutrient element deficiencies)

Other nutritional
deficiencies
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Other nutritional E63-E64.0 (other nutritional deficiencies and sequelae of protein-calorie
deficiencies malnutrition)

Other nutritional E64.2-E64.9 (sequelae of vitamin C deficiency, rickets, other nutritional
deficiencies deficiencies, and unspecified nutritional deficiencies)

Other nutritional
deficiencies

Garbage code D50, D50.0 and D50.9 (unspecified anaemia)

M12.1-M12.19 (Kashin-Beck disease)

Modelling strategy

Other than data and covariate updates, we did not make any modelling strategy changes for GBD 2017.
Additionally, iodine deficiency and iron-deficiency anaemia, which were estimated as causes of death in
previous GBDs, were changed to non-fatal-only causes for GBD 2017.

We estimated mortality for each of the nutritional deficiencies in two steps. CODEm was first used to
generate mortality estimates for total nutritional deficiencies. The sub-categories of nutritional
deficiencies, namely protein-energy malnutrition and other nutritional deficiencies, were modelled
separately. We assumed zero mortality due to vitamin A deficiency, instead analysing it as a cause of
non-fatal disease burden and a risk factor for mortality due to other causes. We outliered data that were
largely conflicting with the majority of data from other studies conducted either in the same or different
countries (with similar socio-demographic characteristics) in the same region.

CODEm was used to model all sub-categories except for iodine deficiency. The CODEm covariates
(including level and direction) used for each of the models are listed in the table below.

Level Covariate Direction

1 Age-standardised prevalence of severe anaemia +
Malnutrition shock mortality rate +
Proportion of children 0-5 with weight-for-age z-score < -2 +
Proportion of children 0-5 with weight-for-height z-score < -2 +

Proportion of households using iodised salt -
Total kcal per person per day availability -

Proportion underweight (<20 yrs: <-2 BMI z-scores; >20 yrs: <17 BMI) +
2 Population living in the 1% world quintile (least) of annual rainfall +/-
Population living in the 2" world quintile (2" least) of annual rainfall +/-
Unsafe sanitation SEV +
Mortality rate due to war shocks +
Unsafe water SEV +

Health Systems Access Capped -
Healthcare access and quality index +
Log-transformed SEV scalar: Diarrhoea +
Alcohol SEV (age, sex specific) +
3 Education (years per capita) -
Lag distributed income per capita -
Socio-demographic Index -
Maternal education (years per capita) -
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Protein-energy malnutrition
Level Covariate Direction
1 Age-standardised prevalence of severe anaemia +
Malnutrition shock mortality rate +
Proportion of children 0-5 with weight-for-height z-score < -2 +
Total kcal per person per day availability -
Proportion underweight (<20 yrs: <-2 BMI z-scores; >20 yrs: <17 BMI) +
2 Population living in the 1% world quintile (least) of annual rainfall +/-
Population living in the 2" world quintile (2" least) of annual rainfall +/-
Unsafe sanitation SEV +
Mortality rate due to war shocks +
Unsafe water SEV +
Health Systems Access Capped -
Healthcare access and quality index +
Log-transformed SEV scalar: Diarrhoea +
Alcohol SEV (age, sex specific) +
3 Education (years per capita) -
Lag distributed income per capita -
Socio-demographic Index -
Other nutritional deficiencies
Level Covariate Direction
1 Age-standardised prevalence of severe anaemia +
Malnutrition shock mortality rate +
Proportion of children 0-5 with weight-for-age z-score < -2 +
Total kcal per person per day availability -
Proportion underweight (<20 yrs: <-2 BMI z-scores; >20 yrs: <17 BMI) +
2 Population living in the 1% world quintile (least) of annual rainfall +/-
Population living in the 2" world quintile (2" least) of annual rainfall +/-
Unsafe sanitation SEV +
Mortality rate due to war shocks +
Unsafe water SEV +
Health Systems Access Capped -
Healthcare access and quality index +
Log-transformed SEV scalar: Diarrhoea +
Alcohol SEV (age, sex specific) +
3 Lag distributed income per capita -
Socio-demographic Index -
Maternal education (years per capita) -

Estimates from the two nutritional sub-categories were then scaled at the 1,000 draw level in

CODCorrect to match that for total nutritional deficiencies.
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Cancers
Input data and methodological summary for all cancers except for non-melanoma skin cancer

Cause of death estimation — all cancer
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Hepatitis B prevalence
Hepatitis C prevalence
NASH prevalence
Alcohol (liters per capita)
Hepatitis B vaccination coverage
Cirrhosis due to liver cancer subtype proportions

Literature
review for liver
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VR and Verbal
Autopsy cancer
death data

Liver Cancer subtypes

Abbreviations: ICD: International classification of diseases; DB: database, ST-GPR: Space-time smoothing, Gaussian process regression, COD: Causes of death

Data

The cause of death (COD) database contains multiple sources of cancer mortality data. These sources
include vital registration, verbal autopsy, and cancer registry data. The cancer registry mortality
estimates that are uploaded into the COD database stem from cancer registry incidence data that have
been transformed to mortality estimates through the use of mortality-to-incidence ratios (MIR).

Data-seeking processes

Cancer mortality data in the cause of death database other than cancer registry data

Sources for cancer mortality data other than cancer registry data are described in the COD database
description (Appendix Section 2).

Cancer registry data

Cancer registry data were used from publicly available sources or provided by collaborators. We used all
data from GBD 2016 and added registry data from Russia, Iran, Ethiopia, Norway, as well as the newly
released CI5 XI (Cancer Registry in Five Continents).
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Inclusion and exclusion criteria

Only population-based cancer registries were included, and only those that included all cancers (no
specialty registries), data for all age groups, and data for both sexes. Pathology-based cancer registries
were included if they had a defined population. Hospital-based cancer registries were excluded.
Cancer registry data were excluded from either the final incidence data input or the MI model input if a
more detailed source (eg, providing more detailed age or diagnostic groups) was available for the same
population. Preference was given to registries with national coverage over those with only local
coverage, except those from countries where the GBD study provides subnational estimates.

Data were excluded if the coverage population was unknown.

Bias of categories of input data

Cancer registry data can be biased in multiple ways. A high proportion of ill-defined cancer cases in the
registry data requires redistribution of these cases to other cancers, which introduces a potential for
bias. Changes between coding systems can lead to artificial differences in disease estimates; however,
we adjust for this bias by mapping the different coding systems to the GBD causes. Underreporting of
cancers that require advanced diagnostic techniques (eg, leukaemia and brain, pancreatic, and liver
cancer) can be an issue in cancer registries from low-income countries. On the other hand,
misclassification of metastatic sites as primary cancer can lead to overestimation of cancer sites that are
common sites for metastases, like brain or liver. Since many cancer registries are located in urban areas,
the representativeness of the registry for the general population can also be problematic. The accuracy
of mortality data reported in cancer registries usually depends on the quality of the vital registration
system. If the vital registration system is incomplete or of poor quality, the mortality-to-incidence ratio
can be biased to lower ratios.

Data for liver cancer aetiology splits

For GBD 2017, the aetiologies for liver cancer were expanded to include a separate aetiology of liver
cancer due to non-alcoholic steatohepatitis (NASH). To find the proportion of liver cancer cases due to
the five aetiology groups included in GBD (1. Liver cancer due to hepatitis B, 2. Liver cancer due to
hepatitis C, 3. Liver cancer due to alcohol, 4. Liver cancer due to NASH, 5. Liver cancer due to other
causes), a systematic literature search was performed in PubMed on 10/24/2016 using the following
search string: “("liver neoplasms"[All Fields] OR "HCC"[AIl Fields] OR "liver cancer"[All Fields] OR
"Carcinoma, Hepatocellular"[Mesh]) AND (("hepatitis B"[All Fields] OR "Hepatitis B"[Mesh] OR
"Hepatitis B virus"[Mesh] OR "Hepatitis B Antibodies"[Mesh] OR "Hepatitis B Antigens"[Mesh]) OR
("hepatitis C"[All Fields] OR "Hepatitis C"[Mesh] OR "hepatitis C antibodies"[MESH] OR "Hepatitis C
Antigens"[Mesh] OR "Hepacivirus"[Mesh]) OR ("alcohol"[All Fields] OR "Alcohol Drinking"[Mesh] OR
"Alcohol-Related Disorders"[Mesh] OR "Alcoholism"[Mesh] OR "Alcohol-Induced Disorders"[Mesh]))
NOT (animals[MeSH] NOT humans[MeSH])". Also, studies not found through this search but included in
the meta-analysis by de Martel and colleagues were included.'® We also included the study by Hong and
colleagues after the authors provided us with additional data on the overlap in risk factors.!!

Studies were included if the study population was representative of liver cancer population for the
respective location. For each study, the proportions of liver cancer due to the five specific risk factors
were calculated. Cases were considered to be due to NASH when the manuscript explicitly listed the
aetiology to be NASH or non-alcoholic fatty liver disease (NAFLD). Cases where the aetiology was listed

VAT

as “cryptogenic”, “idiopathic”, or “unknown” were included within the “other causes” category. In
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manuscripts where the aetiology for a case was not known but major categories could not be ruled out
(for example, the study tested for hepatitis B and C but did not assess alcohol use), these cases were
excluded from the numerator of the study (in other words, did not contribute a proportion to any
aetiology). Remaining risk factors were included under a combined “other” group (for example,
haemochromatosis, autoimmune hepatitis, Wilson’s disease, etc.). If multiple risk factors were reported
for an individual patient, these were apportioned proportionally to the individual risk factors.

Methods

Steps of analysis and data transformation processes

Cancer registry data went through multiple processing steps before integration with the COD database.
First, the original data were transformed into standardised files, which included standardisation of
format, categorisation, and registry names (#1 in flowchart).

Second, some cancer registries report individual codes as well as aggregated totals (eg, C18, C19, and
C20 are reported individually but the aggregated group of C18-C20 [colorectal cancer] is also reported in
the registry data). The data processing step “subtotal recalculation” (#2 in flowchart) verifies these
totals and subtracts the values of any individual codes from the aggregates.

In the third step (#3 in the flowchart), cancer registry incidence data and cancer registry mortality data
are mapped to GBD causes. A different map is used for incidence and for mortality data because of the
assumption that there are no deaths for certain cancers. One example is basal cell carcinoma of the skin.
In the cancer registry incidence data, basal cell carcinoma is mapped to non-melanoma skin cancer
(basal cell carcinoma). However, if basal cell skin cancer is recorded in the cancer registry mortality data,
the deaths are instead mapped to non-melanoma skin cancer (squamous cell carcinoma) under the
assumption that they were indeed misclassified squamous cell skin cancers. Other examples are benign
or in situ neoplasms. Benign or in situ neoplasms found in the cancer registry incidence dataset were
simply dropped from that dataset. The same neoplasms reported in a cancer registry mortality dataset
were mapped to the respective invasive cancer (eg, melanoma in situ in the cancer registry incidence
dataset was dropped from the dataset; melanoma in situ in the cancer registry mortality dataset was
mapped to melanoma).

In the fourth data processing step (#4 in the flowchart) cancer registry data were standardised to the
GBD age groups. Age-specific incidence rates were generated using all datasets that include microdata,
and datasets that report age groups up to 95+ years of age, while age-specific mortality rates were
generated from the CoD data through a method described in Appendix section 2.5. Age-specific
proportions were then generated by applying the age-specific rates to a given registry population that
required age-splitting to produce the expected number of cases/deaths for that registry by age. The
expected number of cases/deaths for each sex, age, and cancer were then normalised to 1, creating
final, age-specific proportions. These proportions were then applied to the total number of cases/deaths
by sex and cancer to get the age-specific number of cases/deaths.

In the rare case that the cancer registry only contained data for both sexes combined, the now-age-

specific cases/deaths were split and reassigned to separate sexes using the same weights that are used
for the age-splitting process. Starting from the expected number of deaths, proportions were generated
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by sex for each age (eg, if for ages 15 to 19 years old there are six expected deaths for males and four
expected deaths for females, then 60% of the combined-sex deaths for ages 15-19 years would be
assigned to males and the remaining 40% would be assigned to females).

In the fifth step (#5 in the flowchart) data for cause entries that are aggregates of GBD causes were
redistributed. Examples of these aggregated causes include some registries reporting ICD10 codes C00-
C14 together as “lip, oral cavity, and pharyngeal cancer.” These groups were broken down into sub-
causes that could be mapped to single GBD causes. In this example, those include lip and oral cavity
cancer (C00-C08), nasopharyngeal cancer (C11), cancer of other parts of the pharynx (C09-C10, C12-
C13), and “Malignant neoplasm of other and ill-defined sites in the lip, oral cavity, and pharynx” (C14).
To redistribute the data, weights were created using the same “rate-applied-to-population” method
employed in age-sex splitting (see step four above). For the undefined code (C14 in the example) an
“average all cancer” weight was used, which was generated by adding all cases from
SEER/NORDCAN/CI5 and dividing the total by the combined population. Then, proportions were
generated by sub-cause for each aggregate cause as in the sex-splitting example above (see step four).
The total number of cases from the aggregated group (C00-C14) was then recalculated for each
subgroup and the undefined code (C14). C14 was then redistributed as a “garbage code” in step six.
Distinct proportions were used for C44 (non-melanoma skin cancer) and C46 (Kaposi’'s sarcoma). Non-
melanoma skin cancer processing is described under section “Input data and methodological summary
for non-melanoma skin cancer (squamous-cell carcinoma).” C46 entries were redistributed as “other
cancer,” and HIV using proportions described in Appendix Section 2.

In the sixth step (#6 in the flowchart) unspecified codes (“garbage codes”) were redistributed.
Redistribution of cancer registry incidence and mortality data mirrored the process of the redistribution
used in the cause of death database (Appendix Section 2.7).

In the seventh step (#7 in the flowchart) duplicate or redundant sources were removed from the
processed cancer registry dataset. Duplicate sources were present if, for example, the cancer registry
was part of the CI5 database but we also had data from the registry directly. Redundancies occurred and
were removed as described in “Inclusion and Exclusion Criteria,” where more detailed data were
available, or when national registry data could replace regionally representative data. From here, two
parallel selection processes were run to generate input data for the Ml models and to generate
incidence for final mortality estimation. Higher priority was given to registry data from the most
standardised source when creating the final incidence input, whereas for the MI model input only
sources that reported incidence and mortality were used.

In the eighth step (#8 in the flowchart) the processed incidence and mortality data from cancer
registries were matched by cancer, age, sex, year, and location to generate Ml ratios. These Ml ratios
were used as input for a three-step modelling approach using the updated GBD 2017 ST-GPR approach.
with the Healthcare Access and Quality (HAQ) Index as a covariate in the linear step mixed effects model
using a logit link function. This is different from GBD 2016, where we used Socio-demographic Index
(SDI) as a predictive covariate. Predictions were made without the random effects. The ST-GPR model
has three main hyper-parameters that control for smoothing across time, age, and geography. The time
adjustment parameter (1) was set to 2, which aims to borrow strength from neighbouring time points
(ie, the exposure in this year is highly correlated with exposure in the previous year but less so further
back in time). The age adjustment parameter w was set to 0.5, which borrows strength from data in
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neighbouring age groups. The space adjustment parameter £ was set to 0.95 in locations with data and
to 0.5 in locations without data (the higher £ was applied when at least one age-sex group in the
country of estimation had at least five unique data points. The lower ¢ was applied when estimating
data-scarce countries). Zeta aims to borrow strength across the hierarchy of geographical locations.*?
For the amplitude parameter in the Gaussian process regression we used 2, and for the scale we used a
value of 15.

For GBD 2017 we slightly changed the data cleaning process and used HAQ rather than SDI to exclude
data. For each cancer, Ml ratios from locations in HAQ quintiles 1-4 were dropped if they were below
the median of Ml ratios from locations in HAQ quintile 5. We also dropped Ml ratios from locations in
HAQ quintiles 1-4 if the Ml ratios were above the third quartile + 1.5 * IQR (inter-quartile range). We
dropped all MIR that were based on less than 25 cases to avoid noise due to small numbers except for
mesothelioma and acute lymphoid leukaemia, where we dropped MIR that were based on fewer than
ten cases because of lower data availability for these two cancers. We also aggregated incidence and
mortality to the youngest five-year age bin where we had at least 50 data points to avoid MIR
predictions in young age groups that were based on few data points. The MIR in the age-bin that was
used to aggregate MIR was used to backfill the MIR for younger age groups.

Since Ml ratios can be above 1, especially in older age groups and cancers with low cure rates, we used
the 95 percentile of the cleaned dataset that only included MIR that were based on 50 or more cases,
to cap the MIR input data. This “upper cap” was used to allow MIR over 1 but to constrain the MIR to a
maximum level. To run the logit model, the input data were divided by the upper caps and model
predictions after ST-GPR was rescaled by multiplying them by the upper caps. To constrain the model at
the lower end, we used the fifth percentile of the cancer-specific cleaned MIR input data to replace all
model predictions with this lower cap.

Final Ml ratios were matched with the cancer registry incidence dataset in the ninth step (#9 in the
flowchart) to generate mortality estimates (Incidence * Mortality/Incidence = Mortality) (#10 in the
flowchart). The final mortality estimates were then uploaded into the COD database (#11 in the
flowchart). Cancer-specific mortality modelling then followed the general CODEm process.

Liver cancer aetiology split models

The proportion data found through the systematic literature review were used as input for five separate
DisMod-MR 2.1 models to determine the proportion of liver cancers due to the five subgroups for all
locations, both sexes, and all age groups (step #16 in the flowchart). A study covariate was used for
publications that only assessed liver cancer in a cirrhotic population. The reference, or “gold standard”,
that was used for crosswalking was the compilation of all studies that assessed the aetiology of liver
cancer in a general population. For liver cancer due to hepatitis C and hepatitis B, a prior value of 0 was
set between age 0 and 0.01. For liver cancer due to alcohol, a prior value of 0 was set for ages 0 to 5
years. For liver cancer due to hepatitis C, hepatitis C (IgG) seroprevalence was used as a covariate as well
as a covariate for alcohol (litres per capita), hepatitis B prevalence (HBsAg seroprevalence), and
NASH/NAFLD prevalence, forcing a negative relationship between the alcohol, hepatitis B, hepatitis C,
and NASH/NAFLD covariates and the outcome of liver cancer due to alcohol proportion. For liver cancer
due to hepatitis B, seroprevalence of HBsAg was used as a covariate as well as a covariate for alcohol,
hepatitis C IgG seroprevalence, NASH/NAFLD prevalence, and the population coverage of three-dose
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hepatitis B vaccination, forcing a negative relationship between these covariates and the outcome of
liver cancer due to hepatitis B proportion. For liver cancer due to alcohol, alcohol (litres per capita) was
used as a covariate as well as a covariate for proportion of alcohol abstainers, hepatitis B and hepatitis C
seroprevalence, and NASH/NAFLD prevalence, forcing a negative relationship between the proportion of
alcohol abstainers, NASH/NAFLD, and hepatitis B and hepatitis C covariates and the outcome of liver
cancer due to alcohol proportion. For liver cancer due to NASH, NASH/NAFLD prevalence was used as a
covariate as well as a covariate for obesity prevalence and mean body-mass index (BMI), forcing a
positive relationship between these covariates and the outcome of liver cancer due to NASH proportion.
All covariates used were modelled independently. To ensure consistency between cirrhosis and liver
cancer estimates and to take advantage of the data for the respective other related cause (eg, liver
cancer due to hepatitis C and the related cause cirrhosis due to hepatitis C), we generated covariates
from the liver cancer proportion models that we used in the cirrhosis aetiology proportion models. We
then created covariates from the cirrhosis aetiology proportion models and used those in the liver
cancer aetiology models.

Since the proportion models are run independently of each other, the final proportion models were
scaled to sum to 100% within each age, sex, year, and location, by dividing each proportion by the sum
of the five (step # 17). For the liver cancer subtype mortality estimates, we multiplied the parent cause
“liver cancer” by the corresponding scaled proportions (step # 18). Single-cause estimates were adjusted
to fit into the separately modelled all-cause mortality in the process CoDCorrect.

Results

Interpretation of results

Cancer mortality estimates for GBD 2017 can differ from the GBD 2016 results for multiple reasons.
Updated cancer mortality data were added from vital registration system data, verbal autopsy studies,
as well as cancer registry incidence data. A new cause “Myelodysplastic, myeloproliferative, and other
haematopoietic neoplasms” was added. In GBD 2016 all deaths due to this new cause were counted in
the category “other neoplasms”. The mortality-to-incidence ratio estimation has been updated
compared to GBD 2016, using HAQ rather than SDI in the data cleaning and modelling process, and the
ST-GPR approach was also updated. Covariate inputs for the CODEm models were changed based on
recommendations from collaborators. Covariates used in CODEm models were updated for GBD 2017.

The other group producing country-level cancer mortality estimates is the International Agency for
Research on Cancer (IARC) with their GLOBOCAN database. Significantly different methods between the
GBD study and GLOBOCAN can lead to differences in results. Whereas estimates in GLOBOCAN are
based on the assumption that there are “In theory, [...] as many methods as countries,”*3 the cancer
estimation process for the GBD study follows a coherent, well-documented method for all cancers,
which allows cross-validation of models as well as determination of uncertainty. Another major
difference is the ability in the GBD study to adjust single-cause estimates to the all-cause mortality,
which is being determined independently. This also allows us to adjust individual causes of death to the
all-cause mortality envelope, which permits us to correct for the underdiagnosis of cancer in countries
with inadequate diagnostic resources. Redistribution of a fraction of undefined causes of death to
certain cancers is another methodological advantage the GBD study has over GLOBOCAN, and estimates
for cancer mortality can therefore differ substantially in countries with a large proportion of undefined
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causes of deaths in their vital registration data or a large proportion of undefined cancer cases in their
cancer registry data.

Limitations

There are certain limitations to consider when interpreting the GBD cancer mortality estimates. First,
even though every effort is made to include the most recently available data for each country, data-
seeking resources are not limitless and new data cannot always be accessed as soon as they are made
available. It is therefore possible that the GBD study does not include all available data sources for
cancer incidence or cancer mortality. Second, different redistribution methods can potentially change
the cancer estimates substantially if the data sources used for the estimated location contain a large
number of undefined causes; however, neglecting to account for these undefined deaths would likely
introduce an even greater bias in the disease estimates. Third, using mortality-to-incidence ratios to
transform cancer registry incidence data to mortality estimates requires accurate MIR. For GBD 2017 we
have made further changes to the MIR estimation, but the method remains sensitive to underdiagnosis
of cancer cases or underascertainment of cancer deaths. However, given that the majority of data used
for the cancer mortality estimation come from vital registration data and not cancer registry data, this is
not a major limitation.

Non-melanoma skin cancer (squamous cell carcinoma)
Data

Data seeking processes
Since squamous cell carcinomas are only very infrequently recorded by cancer registries, only vital
registration system data were used as input for the squamous cell carcinoma mortality modelling.

Inclusion and exclusion criteria
Inclusion and exclusion criteria followed the same methods as described for the vital registration data
sources (Appendix Section 2).

Bias of categories of input data
The potential biases of the input data are the same as for other cancers (see above).

Methods

Overall methodological process
Vital registration system data were used as input to model deaths due to squamous cell skin cancer.

Steps of analysis and data transformation processes

Since mortality estimates for non-melanoma skin cancer are only produced for squamous cell carcinoma
under the assumption that basal cell carcinoma causes almost no deaths, all mortalities reported as
“C44” or “173” were mapped to the “squamous cell carcinoma” GBD cause.

Model selection
The modelling strategy for non-melanoma skin cancer (squamous cell carcinoma) followed the general
CODEm process.
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Model performance and sensitivity
The modelling performance and sensitivity for non-melanoma skin cancer (squamous cell carcinoma)
mirrored that of the general CODEm process.

Uncertainty intervals
Uncertainty was determined using standard CODEm methodology.

Results

Interpretation of results

Non-melanoma skin cancer mortality estimates are not available from other sources. GLOBOCAN, for
example, does not report deaths due to non-melanoma skin cancer. Even though the data availability for
non-melanoma skin cancer is poor, the fact that it is the most common incident cancer, with rates
expected to rise, makes it a necessity to include the disease in the GBD framework.

Limitations

Cancer registry data for non-melanoma skin cancer incidence have to be interpreted with caution due to
a substantial amount of underreporting or rules that only the first non-melanoma skin cancer has to be
registered. Many cancer registries therefore do not include non-melanoma skin cancers at all. However,
information on whether registries capture NMSC or not is not consistently available. Therefore, no
cancer registry data were used to estimate deaths due to squamous cell carcinoma of the skin. For vital
registration data, we make the assumption that there are no deaths due to basal cell non-melanoma
skin cancer; therefore, all deaths attributed to basal cell carcinoma were included instead as squamous
cell carcinoma.
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Covariates by cancer:

Lip and oral cavity cancer

Nasopharynx cancer

Oesophageal cancer

188

Level Covariate Direction Level Covariate Direction Level Covariate Direction
Alcohol (litres per capita) + Alcohol (litres per capita) + Alcohol (litres per capita) +
Cumulative cigarettes (5 years) + Cumulative cigarettes (5 years) + Log-transformed SEV scalar: Esophag C +
Cumulative cigarettes (10 years) + Cumulative cigarettes (10 years) + Log-transformed age-standardized SEV .

1 scalar: Esophag C
Cumulative cigarettes (15 years) + Cumulative cigarettes (15 years) +
1 1
Mean BMI +
Cumulative cigarettes (20 years) + Cumulative cigarettes (20 years) +
Smoking prevalence +
Smoking prevalence + Smoking prevalence +
Tobacco (cigarettes per capita) +
Tobacco (cigarettes per capita) + Tobacco (cigarettes per capita) +
Fruits adjusted (g) -
Log-transformed SEV scalar: . Log-transformed SEV scalar: .
Mouth C Nasoph C Indoor air pollution (all cooking fuels) +
Vegetables adjusted (g) - Vegetables adjusted (g) - Sanitation (proportion with access) -
Red meats adjusted (g) + Red meats adjusted (g) + 5 Vegetables adjusted (g) -
Fruits adjusted (g) - Fruits adjusted (g) - Improved water source (proportion with
2 2 access)
Health system access 2 (unitless)* - Health system access 2 (unitless)* -
Healthcare access and quality index -
Healthcare access and quality B Healthcare access and quality _
index index Education (years per capita) -
3
Education (years per capita) - Education (years per capita) - LDI (IS per capita) 0
3 3
LDI (IS per capita) 0 LDI (IS per capita) 0 Socio-demographic Index 0
Socio-demographic Index 0 Socio-demographic Index 0




Other pharynx cancer

Stomach cancer

Colon and rectum cancer
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Level Covariate Direction Level Covariate Direction Level Covariate Direction
Alcohol (litres per capita) + Diet high in sodium + Alcohol (litres per capita) +
1 Smoking prevalence + Cumulative cigarettes (5 years) + Mean BMI +
1
Log-transformed SEV scalar: Oth Cumulative cigarettes (10 years) + Smoking prevalence +
+
Phar C
Cumulative cigarettes (15 years) + Tobacco (cigarettes per capita) +
Vegetables adjusted (g) - 1
Cumulative cigarettes (20 years) + Log-transformed SEV scalar: Colorect C +
Cumulative cigarettes (5 years) +
Smoking prevalence + Red meats adjusted (g) +
Fruits adjusted (g) -
Tobacco (cigarettes per capita) + Milk adjusted (g) -
Vegetables adjusted (g) -
Log-transformed SEV scalar: Stomach C + Fruits adjusted (g) -
Population density (over 1000 . :
2 ppl/sqkm, proportion) SEV unsafe water + Nuts seeds adjusted (g) -
Population density (under 150 . SEV unsafe sanitation + PUFA adjusted (percent) -
I/sqkm, proportion - -
ppl/sqkm, proportion) Vegetables adjusted (g) - Vegetables adjusted (g) -
Hea/thcare access and quality - Fruits adjusted (g) - Cumulative cigarettes (5 years) +
index 2
- - Mean BMI + Cumulative cigarettes (10 years) +
Education (years per capita) -
3 - 2 Sanitation (proportion with access) - Cumulative cigarettes (15 years) +
LDI (IS per capita) 0
- - Improved water source (proportion Cumulative cigarettes (20 years) +
Socio-demographic Index 0 . -
with access)
Diabetes age-specific prevalence +
Healthcare access and quality index - (proportion)
Education (years per capita) - Healthcare access and quality index -
3
LDI (IS per capita) 0 Education (years per capita) -
3
Socio-demographic Index 0 LDI (IS per capita) 0
Socio-demographic Index 0




Liver cancer

Liver cancer, continued

Gallbladder and biliary tract cancer

Level Covariate Direction Level Covariate Direction Level Covariate Direction
Alcohol (litres per capita) + Mean BMI + 1 Log-transformed SEV scalar: .
Gallblad C
1 HIV age-standardised prevalence + Tobacco (cigarettes per capita) +
2 Mean BMI "
Hepatitis B (HBsAg) seroprevalence + Red meats adjusted (g) +
Hepatitis C (IgG) seroprevalence + Healthcare access and quality Alcohol (litres per capita) +
index
Log-transformed SEV scalar: Liver C + Cumulative cigarettes (5 years) +
Education (years per capita) -
Hepatitis B 3-dose coverage 3 Cumulative cigarettes (10 years) +
(proportion) - LDI (15 per capita) 0
Smoking prevalence +
Hepatitis B 3-dose coverage Socio-demographic Index 0
(proportion), lagged 5 years Tobacco (cigarettes per capita) +
2
Hepatitis B 3-dose coverage Fruits adjusted (g) -
(proportion), lagged 10 years
Vegetables adjusted (g) -
Hepatitis B vaccine coverage
(proportion), aged through time Diabetes age-standardised )
prevalence (proportion)
Intravenous drug use (age- .
2 standardised proportion) Healthcare access and quality
Cumulative cigarettes (5 years) + index
Cumulative cigarettes (10 years) + 3 Education (years per capita) -
Cumulative cigarettes (15 years) + LDI (I5 per capita) 0
Cumulative cigarettes (20 years) + Socio-demographic Index 0
Diabetes age-specific prevalence +
(proportion)
Diabetes fasting plasma glucose +

(mmol/L)
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Pancreatic cancer

Larynx cancer

Tracheal, bronchus, and lung cancer

191

Level Covariate Direction Level Covariate Direction Level Covariate Direction
Alcohol (litres per capita) + Alcohol (litres per capita) + Alcohol (litres per capita) +
1
Cumulative cigarettes (5 years) + Log-transformed SEV scalar: Larynx C + Cumulative cigarettes (5 yYears) +
Cumulative cigarettes (10 years) + Smoking prevalence + Cumulative cigarettes (10 years) +
1 Cumulative cigarettes (15 years) + Tobacco (cigarettes per capita) + Cumulative cigarettes (15 years) +
Cumulative cigarettes (20 years) + Asbestos consumption (metric tons per + 1 Cumulative cigarettes (20 years) +
year per capita)
Smoking prevalence + Smoking prevalence +
Fruits adjusted (g) -
Tobacco (cigarettes per capita) + Tobacco (cigarettes per capita) +
Vegetables adjusted (g) -
Log-transformed SEV scalar: Pancreas C + Secondhand smoke +
Cumulative cigarettes (5 years) +
Mean BMI + 2 Log-transformed SEV scalar: Lung C +
Cumulative cigarettes (10 years) +
Red meats adjusted (g) + Log-transformed age-standardised SEV
Cumulative cigarettes (15 years) + scalar: Lung C *
Fruits adjusted (g) -
Cumulative cigarettes (20 years) + Indoor air pollution (all cooking fuels) +
Vegetables adjusted (g) -
Population density (over 1000 + Outdoor air pollution (PM..s) +
Energy unadjusted (kcal) + ppl/sqgkm, proportion)
2 2 Residential radon +
Diabetes fasting plasma glucose . Population density (under 150 +
(mmol/L) ppl/sqkm, proportion) Diabetes fasting plasma glucose .
(mmol/L)
Diabetes age-standardised prevalence Healthcare access and quality index -
(proportion) * Healthcare access and quality index -
Education (years per capita) -
Healthcare access and quality index - 3 Education (years per capita) -
LDI (IS per capita) 0 3
Education (years per capita) - LDI (IS per capita) 0
3 Socio-demographic Index 0
LDI (IS per capita) 0 Socio-demographic Index 0
Socio-demographic Index 0




Malignant skin melanoma

Non-melanoma skin cancer

Breast cancer

192

Level Covariate Direction Level Covariate Direction
1 Alcohol (litres per capita) + Cumulative cigarettes (5 years) +
1
Fruits adjusted (g) - Cumulative cigarettes (10 years) +
Vegetables adjusted (g) - Cumulative cigarettes (15 years) +
Latitude under 15 (proportion) - Smoking prevalence +
5 Latitude 15 to 30 (proportion) 0 Average latitude 0
2
Latitude 30 to 45 (proportion) - Healthcare access and quality index -
Latitude over 45 (proportion) - Education (years per capita) 0
3
Healthcare access and quality LDI (15 per capita) 0
index
Socio-demographic Index 0
Education (years per capita) -
3
LDI (IS per capita) 0
Socio-demographic Index 0

Level Covariate Direction

1 Alcohol (litres per capita) +
Mean BMI +
Log-transformed SEV scalar: Breast C +
Age-specific fertility rate -
Total fertility rate -
Fruits adjusted (g) -
Vegetables adjusted (g) -
Cumulative cigarettes (5 years) +
Cumulative cigarettes (10 years) +

2 Cumulative cigarettes (15 years) +
Cumulative cigarettes (20 years) +
Smoking prevalence +
Secondhand smoke +
Diabetes fasting plasma glucose .
(mmol/L)
Healthcare access and quality index -
Education (years per capita) -

3
LDI (IS per capita) 0
Socio-demographic Index 0




Cervical cancer

Uterine cancer

Prostate cancer
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Level Covariate Direction Level Covariate Direction Level Covariate Direction
Cumulative cigarettes (5 years) + Log-transformed SEV scalar: Uterus C + 1 Log-transformed SEV scalar: Prostate C +
1 1
Cumulative cigarettes (10 years) + Mean BMI + Smoking prevalence 0
2
Cumulative cigarettes (15 years) + Cumulative cigarettes (5 years) + Healthcare access and quality index -
HIV age-standardised prevalence + Cumulative cigarettes (10 years) + Education (years per capita) 0
3
Age-specific fertility rate + Smoking prevalence + LDI (15 per capita) 0
Total fertility rate + Tobacco (cigarettes per capita) + Socio-demographic Index 0
Smoking prevalence + 2 Diabetes age-standardized prevalence +
2 (proportion)
Fruits adjusted (g) -
Total fertility rate 0
Vegetables adjusted (g) -
Fruits adjusted (g) -
Healthcare access and quality index -
Vegetables adjusted (g) -
Education (years per capita) -
3 Healthcare access and quality index -
LDI (IS per capita) 0
Education (years per capita) -
Socio-demographic Index 0 3
LDI (IS per capita) 0
Socio-demographic Index 0




Ovarian cancer

Ovarian cancer, continued

Testicular cancer

(mmol/L)

Healthcare access and quality index
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Level Covariate Direction Education (years per capita) Level Covariate Direction
Alcohol (litres per capita) + 3 LDI (IS per capita) Cumulative cigarettes (5 years) +
Cumulative cigarettes (5 years) + Socio-demographic Index Cumulative cigarettes (10 years) +
Cumulative cigarettes (10 years) + Cumulative cigarettes (15 years) +

1 Cumulative cigarettes (15 years) + Cumulative cigarettes (20 years) +
Cumulative cigarettes (20 years) + 2 Tobacco (cigarettes per capita) +
Tobacco (cigarettes per capita) + Smoking prevalence +
Contraception (modern) prevalence Fruits adjusted (g) -
(proportion)

Vegetables adjusted (g) -
Log-transformed SEV scalar: Ovary C +
Healthcare access and quality index -
Asbestos consumption (metric tons per +
year per capita) Education (years per capita) -
3
Smoking prevalence + LDI (IS per capita) 0
Total fertility rate 0 Socio-demographic Index 0
Energy unadjusted (kcal) +
Fruits adjusted (g) -
2 -
Vegetables adjusted (g) -
Mean BMI +
Diabetes age-standardised prevalence +
(proportion)
Diabetes fasting plasma glucose +




Kidney cancer

Bladder cancer

Brain and nervous system cancer

Level Covariate Direction Level Covariate Direction Level Covariate Direction
Cumulative cigarettes (5 years) + Schistosomiasis prevalence . Alcohol (litres per capita) +
(proportion) 1
Cumulative cigarettes (10 years) + Cumulative cigarettes (10 years) +
Cumulative cigarettes (5 years) +
1 Cumulative cigarettes (15 years) + 1 Cumulative cigarettes (15 years) +
Cumulative cigarettes (10 years) +
Mean BMI + Smoking prevalence +
Cumulative cigarettes (15 years) +
Log-transformed SEV scalar: Kidney C + Cholesterol (total, mean per capita) +
Smoking prevalence +
Alcohol (litres per capita) + Systolic blood pressure (mmHg) +
Log-transformed SEV scalar: Bladder C +
Diabetes age-standardised prevalence Red meats adjusted (g) +
(proportion) * Alcohol (litres per capita) + 2
Vegetables adjusted (g) -
2 Systolic blood pressure (mmHg) + Diabetes gasting plasma glucose .
(mmol/L) Fruits adjusted (g) -
Smoking prevalence + 2
Vegetables adjusted (g) - Healthcare access and quality index -
Healthcare access and quality index -
Fruits adjusted (g) - Education (years per capita) -
Education (years per capita) - 3
3 Healthcare access and quality index - LDI (I$ per capita) 0
LDI (IS per capita) 0
Education (years per capita) - Socio-demographic Index 0
Socio-demographic Index 0 3
LDI (IS per capita) 0
Socio-demographic Index 0
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Thyroid cancer

Mesothelioma

Hodgkin’s lymphoma

Level Covariate Direction
2 Healthcare access and quality index -
Education (years per capita) -
3
LDI (IS per capita) 0
Socio-demographic Index 0

Level Covariate Direction

1 Alcohol (litres per capita) +
Smoking prevalence +
Log-transformed SEV scalar: Thyroid C +
Vegetables adjusted (g) -
Fruits adjusted (g) -
Red meats adjusted (g) +
Tobacco (cigarettes per capita) +

2 Mean BMI +
Smoking prevalence +
Sanitation (proportion with access) -
Improved water source (proportion _
with access)
Healthcare access and quality index -
Education (years per capita) -

3
LDI (IS per capita) 0
Socio-demographic Index 0

Level Covariate Direction
Asbestos consumption (metric tons per +
year per capita)

Cumulative cigarettes (5 years) +
1 Asbestos production (binary) +
Smoking prevalence +
Indoor air pollution (all cooking fuels) +
Log-transformed SEV scalar: Mesothel +
Log-transformed age-standardised SEV +
scalar: Mesothel
Asbestos production (kg) per capita +
Gold production (binary) +
2 Gold production (kg) per capita +
Population density (over 1000 +
ppl/sqkm, proportion)
Healthcare access and quality index -
Education (years per capita) -
3
LDI (IS per capita) 0
Socio-demographic Index 0
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Non-Hodgkin lymphoma Multiple myeloma Leukaemia
Level Covariate Direction Level Covariate Direction Level Covariate Direction
Cumulative cigarettes (5 years) + 1 Alcohol (litres per capita) + Log-transformed age-standardised SEV +
1 scalar: Leukaemia
Cumulative cigarettes (10 years) + Smoking prevalence +
Log-transformed SEV scalar: Leukaemia +
Cumulative cigarettes (15 years) + Tobacco (cigarettes per capita) +
Alcohol (litres per capita) +
Cumulative cigarettes (20 years) + Vegetables adjusted (g) -
2 Mean BMI +
Alcohol (litres per capita) + Fruits adjusted (g) -
Cumulative cigarettes (5 years) +
Smoking prevalence + Red meats adjusted (g) +
Cumulative cigarettes (10 years) +
Mean BMI + Tobacco (cigarettes per capita) +
2 Cumulative cigarettes (15 years) +
Healthcare access and quality index - 2 Mean BMI +
Cumulative cigarettes (20 years) +
Total fertility rate 0 Sanitation (proportion with access) -
3 Smoking prevalence +
LDI (IS per capita) 0 Improved water source (proportion
with access) B Tobacco (cigarettes per capita) +
Socio-demographic Index 0
Healthcare access and quality index - Healthcare access and quality index -
Education (years per capita) - Education (years per capita) -
3 3
LDI (IS per capita) 0 LDI (IS per capita) 0
Socio-demographic Index 0 Socio-demographic Index 0
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Myelodysplastic, myeloproliferative, other haematopoietic neoplasms Other malignant cancers Other neoplasms

Level Covariate Direction Level Covariate Direction Level Covariate Direction
Log-transformed age-standardised SEV + Smoking prevalence + 2 Healthcare access and quality index -
1 scalar: Leukaemia 1
Tobacco (cigarettes per capita) + Education (years per capita) -
Log-transformed SEV scalar: Leukaemia + 3
Vegetables adjusted (g) - LDI (IS per capita) 0
Alcohol (litres per capita) +
Fruits adjusted (g) - Socio-demographic Index 0
Mean BMI +
Nuts seeds adjusted (g) -
Cumulative cigarettes (5 years) + 2
PUFA adjusted (percent) -
Cumulative cigarettes (10 years) +
Mean BMI -
2 Cumulative cigarettes (15 years) +
Healthcare access and quality index -
Cumulative cigarettes (20 years) +
Education (years per capita) -
Smoking prevalence + 3
LDI (IS per capita) 0
Tobacco (cigarettes per capita) +
Socio-demographic Index 0

Healthcare access and quality index -

Education (years per capita) -

LDI (IS per capita) 0

Socio-demographic Index 0
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Input data

Vital registration, verbal autopsy, and surveillance data were used to model the parent cardiovascular
envelope. We outliered non-representative subnational verbal autopsies from a number of Indian
states. We also outliered verbal autopsy data sources that were implausibly low in all age groups and
ICD8 and ICD9 BTL data points that were inconsistent with the rest of the data and created implausible

time trends.

Modelling strategy
We used a standard CODEm approach to model deaths from cardiovascular diseases. The covariates
included in the ensemble modelling process are listed in the table below. There have been no
substantive changes from the approach used in GBD 2016.
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Table: Selected covariates for CODEm models, cardiovascular diseases

Covariate Transformation Level Direction
Summary exposure variable, cardiovascular disease None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose (mmol/L) None 2 1
Outdoor pollution (PM3s) None 2 1
Indoor air pollution (all fuel types) None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Input data

Vital registration and surveillance data were used to model rheumatic heart disease. We outliered ICD8
and ICD9 BTL data points which were inconsistent with the rest of the data and created implausible time
trends. We also outliered data points which were too high after the redistribution process in a number
of age groups.

Modelling strategy

We used a standard CODEm approach to model deaths from rheumatic heart disease. We have made no
updates to the covariates used in the modelling process since GBD 2016. There have been no other
substantive changes from the approach used in GBD 2016.

Table 1: Selected covariates for CODEm models, rheumatic heart disease

Covariate Transformation Level Direction
Rheumatic heat disease SEV scalar None 1 1
Improved water (proportion) None 1 -1
Malnutrition None 1 1
Sanitation (proportion with access) None 1 -1
Healthcare access and quality index None 2 -1
LDI Log 3 -1
SDI None 3 -1
Education (years per capita) None 3 -1
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Input data

Vital registration, verbal autopsy data were used to model ischaemic heart disease. We outliered verbal
autopsy data in countries and subnational locations where high-quality vital registration data were also
available. We also outliered non-representative subnational verbal autopsy data points, ICD8 and ICD9

BTL data points which were inconsistent with the rest of the data and created implausible time trends,
and data in a number of Indian states identified by experts as poor-quality.

Modelling strategy
We used a standard CODEm approach to model deaths from ischemic heart disease. The covariates

chosen for inclusion in the ensemble modelling process are listed in the table below. There have been
no substantive changes from the approach used in GBD 2016.
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Table: Selected covariates for CODEm models, ischaemic heart disease

Covariate Transformation Level Direction
Summary exposure variable None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose None 2 1
Outdoor pollution (PM3s) None 2 1
Indoor air pollution None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA (percent, adjusted) None 3 -1
Alcohol (litres per capita) None 3 0
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Input data

Verbal autopsy and vital registration data were used to model cerebrovascular disease. We reassigned
deaths from verbal autopsy reports for cerebrovascular disease to the parent cardiovascular disease for
both sexes for those under 20 years of age. We outliered non-representative subnational verbal autopsy
data points. We also outliered ICD8, ICD9 BTL, and ICD10 Tabulated data points which were inconsistent
with the rest of the data and created implausible time trends. Data points from sources which were
implausibly low in all age groups and data points that were causing the regional estimates to be
improbably high were outliered.

Modelling strategy

We used a standard CODEm approach to model deaths from stroke. The covariates included in the
ensemble modelling process are listed in the table below. Apart from the updated strategy to reassign
mis-coded deaths which should have been attributed to Alzheimer’s and other dementias, Parkinson’s
disease, or atrial fibrillation and flutter, there have been no substantive changes from the approach used
in GBD 2016.
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Table: Selected covariates for CODEm models, stroke

Covariate Transformation Level Direction
Summary exposure variable, stroke None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose None 2 1
Outdoor pollution (PM3s) None 2 1
Indoor air pollution None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Vital registration data were used to model ischaemic stroke. We outliered ICD8 data points which were
inconsistent with the rest of the data and created implausible time trends.

Modelling strategy
We used a standard CODEm approach to model deaths from ischemic stroke. In locations with limited
data on ischaemic stroke, the subtype-specific deaths were estimated by squeezing both ischaemic and
haemorrhagic stroke to the overall cerebrovascular envelope. The covariates selected for inclusion in
the ensemble modelling process are listed in the table below. Apart from the updated strategy to
reassign mis-coded deaths which should have been attributed to Alzheimer’s and other dementias,
Parkinson’s disease, or atrial fibrillation and flutter, there have been no substantive changes from the
approach used in GBD 2016.
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Table: Selected covariates for CODEm models, ischaemic stroke

Covariate Transformation Level Direction
Summary exposure variable, ischaemic stroke None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose None 2 1
Outdoor pollution (PM3s) None 2 1
Indoor air pollution None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Vital registration data were used to model intracerebral haemorrhage. We outliered ICD8 data points

which were inconsistent with the rest of the data and created implausible time trends.

Modelling strategy
We used a standard CODEm approach to model deaths from intracerebral haemorrhage. The covariates
chosen for inclusion in the ensemble modelling process are listed in the table below. In previous
iterations of GBD, we modelled intracerebral haemorrhage and subarachnoid haemorrhage together as
haemorrhagic stroke. Other that this change, there have been no substantive changes from the
modelling approach used in GBD 2016.
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Table: Selected covariates for CODEm models, intracerebral haemorrhage

Covariate Transformation Level Direction
Summary exposure variable, ICH None 1 1
Cholesterol (total, mean per capita) None 1 0
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose None 2 1
Outdoor pollution (PM3s) None 2 1
Indoor air pollution None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Subarachnoid Haemorrhage
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Input data
Vital registration data were used to model subarachnoid haemorrhage. We outliered ICD8 data points
which were inconsistent with the rest of the data and created implausible time trends.

Modelling strategy

We used a standard CODEm approach to model deaths from subarachnoid haemorrhage. The covariates
chosen for inclusion in the ensemble modelling process are listed in the table below. In previous
iterations of GBD, we modelled intracerebral haemorrhage and subarachnoid haemorrhage together as
haemorrhagic stroke. GBD 2017 is the first iteration where we have produced estimates specific to
subarachnoid haemorrhage.

Table: Selected covariates for CODEm models, subarachnoid haemorrhage

Covariate Transformation Level Direction
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Alcohol (litres per capita) None 3 0
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Input data
Vital registration data were used to model hypertensive heart disease. We outliered ICD9 BTL data
points, which were inconsistent with the rest of the data and created implausible time trends.

Modelling strategy

We used a standard CODEm approach to model deaths from hypertensive heart disease. We have
updated the covariates included in the ensemble modelling process (see Table). Otherwise, there have
been no substantive changes from the approach used in GBD 2016.

Table: Selected covariates for CODEm models, hypertensive heart disease

Covariate Transformation Level Direction
Systolic blood pressure (mmHg) None 1 1
Cholesterol (total, mean per capita) None 2 1
Smoking prevalence None 2 1
Mean BMI None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Alcohol (litres per capita) None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
PUFA (percent, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Trans fatty acid (percent) None 3 1
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Non-rheumatic valvular heart disease, non-rheumatic calcific aortic valve disease, non-
rheumatic degenerative mitral valve disease, and other non-rheumatic valvular heart
diseases

Non-rheumatic valvular heart disease cause of death estimation
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Input data

Vital registration data were used to model non-rheumatic valvular heart disease, non-rheumatic calcific
valve disease, non-rheumatic degenerative mitral valve disease, and other non-rheumatic valve
diseases. ICD codes used for these causes are listed above. We also outliered ICD8, ICD9 BTL, and ICD10
tabulated data points which were inconsistent with the rest of the data and created implausible time
trends. Data points from sources which were implausibly low in all age groups and data points that were
causing the regional estimates to be improbably high were outliered.

Modelling strategy

We used a standard CODEm approach to model deaths from non-rheumatic valvular heart disease and
its three subcauses. The covariates used along with their transformations, importance levels, and
imposed directions are reported by cause in the tables below.
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Table 1: Selected covariates for CODEm models, non-rheumatic valvular heart disease

Covariate Transformation Level Direction
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Cholesterol (total, mean per capita) None 2 1
Mean BMI None 2 1
Fasting plasma glucose None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (15) Log 3 -1
Socio-demographic Index None 3 0
Alcohol (litres per capita) None 3 0

Table 2: Selected covariates for CODEm models, non-rheumatic calcific aortic valve disease

Covariate Transformation Level Direction
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Cholesterol (total, mean per capita) None 2 1
Mean BMI None 2 1
Fasting plasma glucose None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (15) Log 3 -1
Socio-demographic Index None 3 0
Alcohol (litres per capita) None 3 0

Table 3: Selected covariates for CODEm models, non-rheumatic degenerative mitral valve disease

Covariate Transformation Level Direction
Healthcare access and quality index None 1 -1
Lag distributed income per capita (15) Log 1 -1
Socio-demographic Index None 1 0

Table 4: Selected covariates for CODEm models, other non-rheumatic valvular heart diseases

Covariate

Transformation

Level

Direction

Cardiovascular diseases SEV scalar
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Cardiomyopathy and Myocarditis
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Vital registration data were used to model deaths due to cardiomyopathy and myocarditis. We outliered
data points in Central Asia, Central Europe, and Eastern Europe due to implausibly high values which we
attributed to variation in local coding practices. We also outliered ICD8 data points in countries where
they were discontinuous with other data in the time series.

Process
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e

Modelling strategy

We used a standard CODEm approach to model deaths from cardiomyopathy and myocarditis. The
covariates selected for inclusion in the CODEm modelling process can be found in the table below. There
have been no substantive changes to the modelling strategy since GBD 2016.

Table: Selected covariates for CODEm models, cardiomyopathy and myocarditis

Covariate Transformation Level Direction
Summary exposure variable, CMP none 1 1
Mean systolic blood pressure (mmHg) none 1 1
Smoking prevalence none 1 1
Mean BMI (kg/m?) None 2 1
Healthcare access and quality index none 2 -1
Lag distributed income per capita (IS) log 3 0
Socio-demographic Index none 3 0
Alcohol (litres per capita) None 3 0
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Input data
Vital registration data were used to model deaths due to myocarditis.

Modelling strategy

We used a standard CODEm approach to model deaths from myocarditis. The covariates selected for
evaluation in the CODEm ensemble modelling process can be found in the table below. There have been
no substantive changes to the modelling strategy since GBD 2016.

Table: Selected covariates for CODEm models, myocarditis

Covariate Transformation Level Direction
Summary exposure variable, CMP none 1 1
Systolic blood pressure (mm Hg) none 1 1
Healthcare access and quality index none 2 -1
Lag distributed income per capita (15) log 3 0
Socio-demographic Index none 3 0
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Input data

Vital registration and verbal autopsy data were used to model deaths due to alcoholic cardiomyopathy.
We outliered ICD9 data points in Cyprus that were implausibly high and discontinuous with the rest of
the time series. We also dropped ICD9BTL data points in locations in Central and Eastern Europe where
we were unable to disaggregate them appropriately.

Modelling strategy

We used a standard CODEm approach to model deaths from alcoholic cardiomyopathy. The covariates
selected for inclusion in the CODEm modelling process can be found in the table below. There have been
no substantive changes from the approach used in GBD 2016.

Table: Selected covariates for CODEm models, alcoholic cardiomyopathy

Covariate Transformation Level Direction
Summary exposure variable, CMP none 1 1
Smoking prevalence none 1 1
Alcohol (litres per capita) none 1 1
Healthcare access and quality index none 2 -1
Lag distributed income per capita (IS) log 3 0
Socio-demographic Index none 3 0
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Input data

Vital registration data were used to model deaths due to other cardiomyopathy. We outliered data
points in Central Asia and Central and Eastern Europe due to implausibly high values which we
attributed to variation in local coding practices after review with experts.

Modelling strategy
We used a standard CODEm approach to model deaths from other cardiomyopathy. The covariates

selected for inclusion in the CODEm modelling process can be found in the table below. There have been
no substantive changes to the modelling process since GBD 2016.

Table: Selected covariates for CODEm models, other cardiomyopathy

Covariate Transformation Level Direction
Summary exposure variable, CMP none 1
Systolic blood pressure (mmHg) none 1 1
Smoking prevalence none 1 1
Body mass index (kg/m?) none 2 1
Healthcare access and quality index none 2 -1
Lag distributed income per capita (IS) log 3 0
Socio-demographic Index none 3 0
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Atrial Fibrillation and Flutter
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Input data

Vital registration (VR) data: We outliered ICD8 and ICD9 data points that were discontinuous from other
data in the time series and created an unlikely time trend. We also outliered data points that were
implausibly low in multiple age groups.

Modelling strategy

In order to address changes in coding practices for atrial fibrillation, we used an integrated approach
that combined DisMod-MR and CODEm models to estimate deaths from atrial fibrillation and flutter.
This approach allowed us to adjust estimates to more accurately reflect the number of deaths for which
atrial fibrillation was the true underlying cause of death.

The modelling steps are illustrated in the above flowchart. Covariates included in both the DisMod-MR
2.1 and CODEm models can be found in the table below. In Step 1, we estimated deaths for atrial
fibrillation using a standard CODEm approach. In Step 2, we estimated prevalence rates in DisMod-MR
2.1 using data from published reports of cross-sectional and cohort surveys, as well as primary care
facility data. We also used claims data covering inpatient and outpatient visits for the United States
along with inpatient hospital data from 163 locations in 15 countries. For GBD 2017, inpatient hospital
data were adjusted using age- and sex-specific information from USA claims data for: 1) readmission
within one year; 2) primary diagnosis code to secondary codes; and, 3) the ratio of inpatient to
outpatient visits. We set priors of no remission and no excess mortality prior to age 30.

In Step 3, we calculated the excess mortality rate (EMR) for 2017 (defined as the cause-specific mortality
rate (CSMR) estimated from CODEm divided by the prevalence rate from DisMod-MR 2.1). We then
selected 17 countries based on four conditions: 1) ranking of 4 or 5 stars on the newly developed system
for assessing the quality of VR data; 2) prevalence data available from the literature were included in the
DisMod-MR 2.1 estimation; 3) prevalence rate > 0.005; and, 4) CSMR > 0.00002. Using information from
these countries as input data, we ran a linear mixed-effects regression of logEMR on sex, age, and
location. Sex and age were treated as fixed effects for the regression, while location was considered a
random effect. We then predicted age- and sex-specific EMR using the results of this regression for all
non-selected countries. Countries included in the regression were assigned their directly calculated
values. These EMR data points were assigned to the time period 1990-2017 and uploaded into the
nonfatal database in order to be used in modelling.

In Step 4, we reran DisMod-MR 2.1 including the EMR estimated in Step 3 as input data using the same
priors as in Step 2 to obtain CSMR estimates from DisMod-MR 2.1 that are consistent with the available
data for incidence and prevalence. As DisMod-MR 2.1 only generates estimates for six years (1990,
1995, 2000, 2005, 2010, 2017), we interpolated using a log-linear approach for 1990-2017. Estimates for
1980-1990 were generated via regression on the entire time series, using Socio-demographic Index as a
predictor.

In Step 5, the CSMR estimates were divided by the all-cause mortality estimates used in DisMod-MR 2.1

to calculate the cause fraction for atrial fibrillation and flutter. We then calculated the difference
between the cause fraction estimated by DisMod-MR 2.1 and the cause fraction in the VR data
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generated by the Cause of Death data preparation process. This yielded the cause fraction that would
need to be retrieved from other causes via the process described in Section 2.8: Correction for
miscoding of Alzheimer’s and other dementias and Parkinson’s disease. After this correction process,
the cause fraction data are processed through the standard redistribution and noise reduction
processes.

In Step 6, these data are then used as inputs for a final CODEm model, using the same covariates as the

model in Step 1. The results from the CODEm model are processed through CoDCorrect; these post-
CoDCorrected results are the final estimates for cause-specific mortality for atrial fibrillation and flutter.

CODEm Covariates, atrial fibrillation and flutter

Covariate Transformation Level Direction
Summary exposure variable, atrial fibrillation None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose None 2 1
Outdoor pollution (PM35) None 2 1
Indoor air pollution None 2 1
Healthcare Access and Quality Index None 2 -1
Lag distributed income per capita (15) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
Trans fatty acid None 1 1
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DisMod Covariates — Step 2

Covariate

Parameter

Beta

Exponentiated beta

All MarketScan, year 2010
SEV scalar: Atrial fibrillation
Healthcare access and
quality index

Prevalence
Prevalence

Excess mortality rate

-0.077 (-0.099 to -0.051)

0.75 (0.75 to 0.75)

-0.11 (-0.13 to -0.088)

0.93 (0.91 to 0.95)
2.12 (2.12 t0 2.12)

0.90 (0.88 to 0.92)

DisMod Covariates — Step 4

Covariate

Parameter

Beta

Exponentiated beta

All MarketScan, year 2010
SEV scalar: Atrial fibrillation
LDI (IS per capita)

Prevalence
Prevalence
Excess mortality rate

0.017 (-0.013 to 0.040)

0.75 (0.75 to 0.75)
-0.1(-0.1to-0.1)

1.02 (0.99 to 1.04)
2.12(2.12t0 2.12)
0.90 (0.90 to 0.90)
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Aortic Aneurysm
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Vital registration data were used to model this cause. We outliered data in Oman as they were
improbably high in comparison with the rest of the region. We also outliered ICD8 data that were
discontinuous with the rest of the time series and created implausible time trends.

Modelling strategy
We used a standard CODEm approach to model deaths from aortic aneurysm. Please see the following

table for a list of covariates selected for evaluation in the ensemble modelling process. There have been
no substantive changes from the approach used in GBD 2016.
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Table: Selected covariates for CODEm models, aortic aneurysm

Covariate Transformation Level Direction
Summary exposure variable, aortic aneurysm None 1 1
Cholesterol (total, mean per capita) None 1 1
Cumulative cigarettes (10 yrs) None 1 1
Systolic blood pressure (mmHg) None 1 1
Mean BMI None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (15) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Peripheral Artery Disease
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Input data
Vital registration data were used to model peripheral artery disease. We outliered all data points with
<1 death in Egypt per expert review.

Modelling strategy

We used a standard CODEm approach to model deaths from peripheral artery disease. Covariates
selected for inclusion in the ensemble modelling process are listed in the table below. There have been
no substantive changes from the approach used in GBD 2016.
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Table: Selected covariates for CODEm models, peripheral artery disease

Covariate Transformation Level Direction
Summary exposure variable, PAD None 1 1
Systolic blood pressure (mmHg) None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Mean body mass index (kg/m?) None 2 1
Healthcare access and quality index None 2 -1
Diabetes fasting plasma glucose (mmol/L) None 2 1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Trans fatty acid (percent) None 3 1
Alcohol (litres per capita) None 3 0

226



Endocarditis
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Vital registration and surveillance data were used to model endocarditis. We outliered vital registration
data in Mozambique as these were non-representative for sub-Saharan Africa and were causing regional
estimates to be implausibly low. We also outliered ICD8 data that were discontinuous from the rest of
the data series and created an implausible time trend.

Process

N

O Covariates

Modelling strategy

We used a standard CODEm approach to model deaths from endocarditis. Covariates selected for
inclusion in the CODEm ensemble modelling process are listed in the table below. There have been no
substantive changes from the approach used in GBD 2016.

Table: Selected covariates for CODEm models, endocarditis

Covariate Transformation Level Direction
Summary exposure variable, endocarditis None 1 1
Improved water (proportion) None 1 -1
Sanitation (proportion with access) None 1 -1
Healthcare access and quality index None 1 -1
Lag distributed income per capita (15) Log 3 -1
Socio-demographic Index None 3 0
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Other Cardiovascular and Circulatory Diseases
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Input data

Vital registration and verbal autopsy data were used to model other cardiovascular and circulatory
diseases. We outliered ICD8 and ICD9 BTL data points that were inconsistent with the rest of the data
and created implausible time trends. We also outliered ICD8 data points which were not nationally

representative.

Modelling strategy

We used a standard CODEm approach to model deaths from other circulatory and cardiovascular
diseases. Covariates in the selected for inclusion in the ensemble model are listed in the table below. For
GBD 2017, we have generated separate estimates for non-rheumatic valvular diseases, which were
previously estimated as part of the other cardiovascular disease. A description of the modelling process
for these causes can be found elsewhere in this appendix. Other than this, there have been no
substantive changes from the approach used in GBD 2016.
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Table: Selected covariates for CODEm models, cardiovascular diseases

Covariate Transformation Level Direction
Summary exposure variable, Other CVD None 1 1
Cholesterol (total, mean per capita) None 1 1
Smoking prevalence None 1 1
Systolic blood pressure (mmHg) None 1 1
Trans fatty acid (percent) None 1 1
Mean BMI None 2 1
Elevation over 1500m (proportion) None 2 -1
Fasting plasma glucose (mmol/L) None 2 1
Indoor air pollution (all fuel types) None 2 1
Outdoor air pollution (PMs) None 2 1
Healthcare access and quality index None 2 -1
Lag distributed income per capita (IS) Log 3 -1
Socio-demographic Index None 3 0
Omega-3 (kcal/capita, adjusted) Log 3 -1
Fruits (kcal/capita, adjusted) None 3 -1
Vegetables (kcal/capita, adjusted) None 3 -1
Nuts and seeds (kcal/capita, adjusted) None 3 -1
Whole grains (kcal/capita, adjusted) None 3 -1
Pulses/legumes (kcal/capita, adjusted) None 3 -1
PUFA adjusted (percent) None 3 -1
Alcohol (litres per capita) None 3 0
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Chronic Respiratory Diseases
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Input data

Sources used to estimate chronic respiratory disease mortality included vital registration, verbal
autopsy, and surveillance data from China. Our outlier criteria excluded data points that (1) were
implausibly high or low, (2) substantially conflicted with established age or temporal patterns, or (3)
significantly conflicted with other data sources conducted from the same locations or locations with
similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to chronic respiratory
diseases. Chronic respiratory diseases served as the parent cause to chronic obstructive pulmonary
disease, pneumoconiosis (including silicosis, asbestosis, coal worker’s pneumoconiosis, other
pneumoconiosis), asthma, interstitial lung disease and pulmonary sarcoidosis, and other chronic
respiratory diseases. Functionally, this means the death estimates for chronic respiratory diseases serve
as a “parent” envelope into which the “child” causes are squeezed by the CodCorrect algorithm. This
approach allows us to use a broader range of data — specifically verbal autopsy data — which cannot be
accurately mapped to specific respiratory diseases.

Separate models were conducted for male and female mortality, and the age range for both models was
1 to 95+ years. The same covariates from GBD 2016 were used.

Level Covariate Direction
1 log-transformed SEV scalar: chronic respiratory diseases +
cumulative cigarettes (10 years) +
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cumulative cigarettes (5 years)

healthcare quality and access index

smoking prevalence

indoor air pollution (all cooking fuels)

outdoor air pollution (PM35s)

population above 1500m elevation (proportion)

log LDI (IS per capita)

education (years per capita)

Socio-demographic Index

population between 500 and 1,500m elevation (proportion)

population density over 1,000 people/kilometer? (proportion)
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Chronic Obstructive Pulmonary Disease
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Input data

Data used to estimate chronic obstructive pulmonary disease (COPD) mortality included vital
registration and surveillance data from the cause of death (COD) database. Our outlier criteria excluded
data points that (1) were implausibly high or low, (2) substantially conflicted with established age or
temporal patterns, or (3) significantly conflicted with other data sources conducted from the same
locations or locations with similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to COPD. Separate
models were conducted for male and female mortality, and the age range for both models was 1-95+
years. The mortality estimates from the COPD models were ultimately fit into the chronic respiratory
diseases envelope.

The same covariates from GBD 2016 were used, but outdoor air pollution was moved to level 1.

Level Covariate Direction

1 log-transformed SEV scalar: COPD +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
elevation over 1,500m (proportion) +
outdoor air pollution (PM3s) +

2 smoking prevalence +
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indoor air pollution (all cooking fuels)

healthcare access and quality index

Socio-demographic Index

log LDI (IS per capita)

education (years per capita)
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Pneumoconiosis Diseases: Silicosis, Asbestosis, Coal Worker’s Pneumoconiosis, and Other
Pneumoconiosis
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Input data

Data used to estimate pneumoconiosis diseases mortality included vital registration and China mortality
surveillance data from the cause of death (COD) database. Our outlier criteria excluded data points that
(1) were implausibly high or low, (2) substantially conflicted with established age or temporal patterns,
or (3) significantly conflicted with other data sources conducted from the same locations or locations
with similar characteristics (ie, socio-demographic index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to pneumoconiosis
diseases. Separate models were conducted for male and female mortality, and the age range for both
models was 15-95+ years. The mortality estimates from pneumoconiosis disease models were
ultimately fit into the chronic respiratory envelope, which is the parent cause for pneumoconiosis
disease. The pneumoconiosis model serves as an envelope for silicosis, asbestosis, coal worker’s
pneumoconiosis, and other pneumoconiosis. In CoDCorrect, estimates are first fit within all
pneumoconiosis, then within all chronic respiratory disease, before being fit to the all-cause mortality
envelope.

For the most part, the same covariates from GBD 2016 were used. The log-transformed SEV scalars were
dropped, however, because the associated risk factors for GBD are occupational silica, asbestos, and
particulate exposure, which each have a population attributable fraction (PAF) of 1 for pneumoconiosis.
When PAF is equal to one, SEV=1/(1-PAF) is undefined. Subnational adjustments were also made to the
coal, asbestos, and gold covariates.

The following table indicates covariates used in the pneumoconiosis models, their level, and direction:
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Level Covariate Direction

1 asbestos consumption per capita*® +
coal production per capita*® +
gold production per capita* +
2 smoking prevalence +
indoor air pollution (all cooking fuels) +
cumulative cigarettes (5 years) +
elevation over 1,500m (proportion) +
elevation 500 to 1,500m (proportion) +

healthcare access and quality index -

3 log LDI (IS per capita) -

education (years per capita) -

Socio-demographic Index -

* asbestos, coal, and gold covariates are each only used in a subset of the pneumoconiosis models, as
follows: all three are included in the parent all pneumoconiosis model, asbestos consumption is included
in the asbestosis model, coal production is included in the coal worker’s pneumoconiosis model, and
gold production is included in the silicosis model.
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Input data

Data used to estimate asthma mortality included vital registration and surveillance data from the cause
of death (COD) database. Verbal autopsy data were not included and were instead mapped to the
parent model (chronic respiratory diseases). Our outlier criteria excluded data points that (1) were
implausibly high or low relative to global or regional patterns, (2) substantially conflicted with
established age or temporal patterns, or (3) significantly conflicted with other data sources conducted
from the same locations or locations with similar characteristics (ie, Socio-demographic Index).

Modelling strategy
The standard CODEm modelling approach was applied to estimate deaths due to asthma. Separate

models were conducted for male and female mortality, and the age range for both models was 1-95+
years. The mortality estimates from the asthma models were ultimately fit into the chronic respiratory
diseases envelope.

The same covariates from GBD 2016 were used.

Level Covariate Direction

1 log-transformed SEV scalar: asthma +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +

healthcare access and quality index
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smoking prevalence

indoor air pollution (all cooking fuels)

outdoor air pollution (PM3s)

log LDI (IS per capita)

education (years per capita)

Socio-demographic Index

237




Interstitial Lung Disease and Pulmonary Sarcoidosis
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Input data

Data used to estimate interstitial lung disease and pulmonary sarcoidosis mortality included vital
registration and surveillance data from the cause of death (COD) database. Our outlier criteria excluded
data points that (1) were implausibly high or low, (2) substantially conflicted with established age or
temporal patterns, or (3) significantly conflicted with other data sources conducted from the same
locations or locations with similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to interstitial lung disease
and pulmonary sarcoidosis. Separate models were conducted for male and female mortality, and the
age range for both models was 1-95+ years. The mortality estimates from the interstitial lung disease
and pulmonary sarcoidosis models were ultimately fit into the chronic respiratory envelope.

The same covariates from GBD 2016 were used.

Level Covariate Direction

1 log-transformed SEV scalar: interstitial lung disease +
smoking prevalence +
cumulative cigarettes (5 years) +

2 elevation over 1,500m (proportion) +
elevation between 500 and 1,500m (proportion) +

238



population density over 1,000 ppl/km? (proportion)

indoor air pollution (all cooking fuels)

outdoor air pollution (PM3s)

healthcare access and quality index

log LDI (IS per capita)

education (years per capita)

Socio-demographic Index
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Other Chronic Respiratory Diseases
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Input data

Data used to estimate other chronic respiratory diseases included vital registration and surveillance data
from the cause of death (COD) database. Our outlier criteria excluded data points that (1) were
implausibly high or low, (2) substantially conflicted with established age or temporal patterns, or (3)
significantly conflicted with other data sources conducted from the same locations or locations with
similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to other chronic
respiratory diseases. Separate models were conducted for male and female mortality, and the age range
for both models was 1 year to 95+ years. Like other respiratory causes, the mortality estimates from
other chronic respiratory diseases were ultimately fit into the chronic respiratory envelope.

The same covariates from GBD 2016 were used.

Level Covariate Direction
1 log-transformed SEV scalar: other chronic respiratory diseases +
smoking prevalence +
cumulative cigarettes (5 years) +
indoor air pollution (all cooking fuels) +
outdoor air pollution (PM35s) +
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elevation over 1,500m (proportion)

elevation between 500 and 1,500m (proportion)

population density over 1,000 ppl/km? (proportion)

healthcare access and quality index

log LDI (IS per capita)

education (years per capita)

Socio-demographic Index
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Input data

Data used to estimate mortality of digestive diseases consisted of vital registration data and verbal
autopsy data from the cause of death (COD) database. The data in digestive diseases consist of
aggregated data from all other specific digestive diseases (peptic ulcer disease, gastritis and duodenitis,
gallbladder and biliary diseases, pancreatitis, cirrhosis and other chronic liver diseases, inguinal, femoral
and abdominal hernias, inflammatory bowel disease, vascular intestinal disorders, paralytic ileus and
intestinal obstruction), as well as unique data points from deaths reported with a set of non-specific
digestive disease codes. In GBD 2017, in contrast to previous rounds, cirrhosis and other chronic liver
diseases were included in the model of total deaths due to digestive diseases. We marked data as
outliers in instances where garbage code redistribution and noise reduction, in combination with small
sample sizes, resulted in unreasonable cause fractions. We also marked as outliers those data that
violated well-established time or age trends. Methods for selecting outliers were consistent across both
vital registration and verbal autopsy data.

Modelling strategy

We modelled deaths due to all digestive diseases with a standard CODEm model using the cause of
death database and location-level covariates as inputs. The model followed standard parameters. We
hybridised separate global and data-rich models to acquire unadjusted results, which we finalised and
adjusted using CoDCorrect to reach final years of life lost (YLLs) due to digestive diseases. Compared to
GBD 2016, in 2017 we removed the underweight covariate, and cigarette consumption was quantified
as 5-year cumulative rather than 10-year cumulative.

Covariate Level Direction
Alcohol (litres per capita) 1 1
Cumulative cigarettes (5 years) 1 1
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 -1
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Cirrhosis
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Input data
We modelled cirrhosis mortality using all available data in the cause of death database. Data points
were outliered based on country data completeness, and for implausible values informing the models.

Modelling strategy

We modelled cirrhosis mortality using a two-model hybrid approach: 1) a global CODEm model of all
locations, using all data in the CoD database; and 2) a CODEm model restricted to data-rich countries,
both from ages 1 to 95+. We modelled cirrhosis deaths encompassing all aetiologies in a parent CODEm
model. We then applied proportion splits to generate cirrhosis deaths for each cirrhosis aetiology.

To estimate mortality from cirrhosis due to alcohol, cirrhosis due to hepatitis B, cirrhosis due to hepatitis
C, cirrhosis due to other causes, and cirrhosis due to NASH, we developed aetiological proportion
models using DisMod MR to split the parent cirrhosis mortality estimates. In GBD 2017 we incorporated
cirrhosis due to non-alcoholic steatohepatitis (NASH) as a fifth etiology for cirrhosis. Cases of cirrhosis
due to NASH were previously nestled within the “other cirrhosis” aetiology and are occasionally listed as
cryptogenic cirrhosis in literature.

Given the similar aetiologies for liver cancer and cirrhosis, we integrated the aetiology models for these
two causes. We used liver cancer aetiology proportion models as covariates for our cirrhosis aetiology
proportion models. The aetiology proportion models included as covariates such as alcohol consumption
(litres per capita), hepatitis B surface antigen (HBsAg) seroprevalence, hepatitis C (anti-HCV 1gG)
seroprevalence, and obesity. Proportions from the five aetiology models were then rescaled to sum to
one at the draw level and used to split the parent cirrhosis mortality estimates. Covariates inputs for
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published models for the CODEm cirrhosis parent model and coefficient tables for GBD 2017 for the five
DisMod proportion models are listed below.

Parent cirrhosis CODEm model covariate table

Covariate name Level Direction
Alcohol (litres per capita) 1 1
Schistosomiasis prevalence 1 1
Hepatitis B prevalence 1 1
Hepatitis C prevalence 1 1
Hepatitis B3 vaccine (proportion covered) 1 -1
Diabetes prevalence 2 1
BMI (mean) 2 1
Healthcare access and quality index 2 -1
Education (years per capita) 3 -1
Health system access 3 -1
LDI (per capita) 3 -1
Socio-demographic Index 3 -1
Etiology proportion DisMod model covariate tables
Proportion of cirrhosis due to Hep B covariate table
Measure Covariate Type beta exp beta
Proportion | Hepatitis B (HBsAg) Country | 0.50 (0.029 to 0.97) 1.65 (1.03 to 2.63)
seroprevalence
. Proportion of liver cancer due to
Proportion hepatitis B (age-standardised) Country | 0.62 (0.067 to 0.99) 1.86 (1.07 to 2.68)
) Hepatitis B 3-dose coverage
Proportion (proportion), lagged 10 years Country | -0.21 (-0.74 to -0.0077) 0.81 (0.48 to 0.99)

Proportion of cirrhosis due to Hep C covariate table

Measure Covariate Type beta exp beta
. Hepatitis C (1gG) _ _
Proportion seroprevalence Country | 0.49 (0.022 — 0.97) 1.63 (1.02 — 2.65)
. Proportion of liver cancer due to
Proportion Country | 0.54 (0.041 — 0.98) 1.72 (1.04 — 2.66)

hepatitis C (age-standardised)
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Proportion of cirrhosis due to alcohol covariate table

Measure Covariate Type beta exp beta
Proportion Alcohol (litres per capita) Country | 0.028 (0.0013 — 0.075) 1.03 (1.00 —1.08)
Proportion | roportion of liver cancer due to | o, iy | 053 (0.032 — 0.98) 1.70 (1.03 — 2.66)
P alcohol (age-standardised) Y -53 (0. ’ ’ ’ ’
Proportion | Alcohol abstainer proportion, Country | -0.55 (-0.99 to0 -0.035) | 0.58 (0.37 — 0.97)

age-standardised

Proportion of cirrhosis due to NASH covariate table

Measure Covariate Type beta exp beta
Proportion Mean BMI Country | 0.054 (0.00085 — 0.18) 1.06 (1.00 —1.20)
Proportion Prevalence of obesity Country | 0.81 (0.029 — 1.92) 2.24 (1.03 —6.79)
. Proportion of liver cancer due to _ _
Proportion NASH (age-standardised) Country | 0.98 (0.040 — 1.95) 2.67 (1.04 —7.02)
Proportion NAFLD/NASH prevalence Country | 0.85 (0.026 — 1.93) 2.34 (1.03 —6.87)

Proportion of cirrhosis due to other causes covariate table

standardised)

Measure Covariate Type beta exp beta
Proportion of liver cancer due to
Proportion other causes (age- Country | 0.54 (0.037 — 0.98) 1.72 (1.04 — 2.66)
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Upper Digestive Diseases
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Input data

Data used to estimate mortality due to upper digestive diseases consisted of vital registration data from
the cause of death (COD) database. Upper digestive disease data aggregate deaths due to peptic ulcer
disease and gastritis and duodenitis, which are also modelled separately. For sources of data that were
considered too low-quality to definitively assign peptic ulcer or gastritis deaths to one of these two
causes, data were included only in the upper digestive disease dataset. We marked data as outliers in
instances where garbage code redistribution and noise reduction, in combination with small sample
sizes, resulted in unreasonable cause fractions; and data that violated well-established time or age
trends.

Modelling strategy

We modelled deaths due to upper digestive diseases with a standard CODEm model using the cause of
death database and location-level covariates as inputs. The model followed standard parameters, with
the exception that the start age of the model was 1 year. We hybridised separate global and data-rich
models to acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final
YLLs due to upper digestive diseases. This was the first year upper digestive diseases, in aggregate, were
modelled as a cause of death. The following covariates were entered into CODEm for the selection
process.

Covariate Level Direction
Alcohol (litres per capita) 1 1
Cumulative cigarettes (5 years) 1 1
Cumulative cigarettes (10 years) 1 1
Log LDI (IS per capita) 3 -1
Sanitation (proportion with access) 2 -1
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Peptic Ulcer Disease
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Input data

Data used to estimate mortality of peptic ulcer disease consisted of vital registration data from the
cause of death (COD) database. We marked data as outliers in instances where garbage code
redistribution and noise reduction, in combination with small sample sizes, resulted in unreasonable
cause fractions, and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to peptic ulcer disease with a standard CODEm model using the cause of death
database and location-level covariates as inputs. The model followed standard parameters, with the
exception that the start age of the model was 1 year instead of 0 and the linear floor rate was lowered
to 0.0001 in order to better capture low data. We hybridised separate global and data-rich models to
acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final years of life
lost (YLLs) due to peptic ulcer disease. The covariates tried and their expected strengths and directions
are unchanged in GBD 2017 compared to GBD 2016.

Covariate Level Direction
Alcohol (litres per capita) 1 1
Cumulative cigarettes (10 years) 1 1
Cumulative cigarettes (5 years) 1 1
Lag distributed income (per capita) 3 -1
Sanitation (proportion with access) 2 -1
Smoking (prevalence) 1 1
Maternal education (years per capita) 3 -1
Improved water source (proportion with access) 2 1
Socio-demographic Index 3 -1
Vegetables (grams adjusted) 2 0
Healthcare access and quality index 2 -1
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Gastritis and Duodenitis
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Input data

Vital registration data were used to model this cause. We marked data as outliers in instances where
garbage code redistribution and noise reduction, in combination with small sample sizes, resulted in
unreasonable cause fractions, and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to gastritis and duodenitis with a standard CODEm model using the cause of
death database and location-level covariates as inputs. The model followed standard parameters, with
the exception that the start age of the model was 1 year instead of 0 and the linear floor rate was
lowered to 0.001 in order to better capture low data. We hybridised separate global and data-rich
models to acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final
years of life lost (YLLs) due to gastritis and duodenitis. Covariates tried and their expected strengths and
directions in GBD 2017 were not changed compared to GBD 2016.

Covariate Level Direction
Alcohol (litres per capita) 1 1
Cumulative cigarettes (10 years) 1 1
Cumulative cigarettes (5 years) 1 1
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 -1
Sanitation (proportion with access) 2 -1
Smoking prevalence 1 1
Unsafe water (summary exposure variable) 2 1
Socio-demographic Index 3 -1
Vegetables (grams adjusted) 2 0
Healthcare access and quality index 2 -1

250



Appendicitis
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Input data

Data used to estimate appendicitis mortality consisted of vital registration and verbal autopsy data from
the cause of death (COD) database. We outliered data in instances where garbage code redistribution
and noise reduction, in combination with small sample sizes, resulted in unreasonable cause fractions;
and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to appendicitis with a standard CODEm model using the cause of death
database and location-level covariates as inputs. The model followed standard parameters, with the
exception that the start age of the model was 1 year old instead of 0 and the linear floor rate was
lowered to 0.0001 in order to better capture low data. We hybridized separate global and data-rich
models to acquire unadjusted results, which we finalised and adjusted using CodCorrect to reach final
YLLs due to appendicitis.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level Covariate Direction

Healthcare access and quality index -
2 Fruits adjusted (g) -
Vegetables adjusted (g) -

Education (years per capita) -

Log LDI (IS per capita) -

Socio-demographic Index -

Health system access (capped) -
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Paralytic lleus and Intestinal Obstruction
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Data used to estimate paralytic ileus and intestinal obstruction mortality consisted of vital registration
and verbal autopsy data from the cause of death (COD) database. We outliered all VA data in children
under the age of 1 because it is not possible to accurately diagnose paralytic ileus or intestinal
obstruction in this age group; and data that violated well-established time or age trends; and data in
instances where garbage code redistribution and noise reduction, in combination with small sample

sizes, resulted in unreasonable cause fractions.

Modelling strategy

We modelled deaths due to paralytic ileus and intestinal obstruction with a standard CODEm model

using the cause of death database and location-level covariates as inputs. The model followed standard
parameters, with the exception that the linear floor rate was lowered to 0.0001 in order to better
capture low data. We hybridised separate global and data-rich models to acquire unadjusted results,
which we finalised and adjusted using CodCorrect to reach final YLLs due to paralytic ileus and intestinal

obstruction.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level

Covariate

Direction

Healthcare access and quality index

Fruits adjusted (g)

Vegetables adjusted (g)

Education (years per capita)

Log LDI (IS per capita)

Socio-demographic Index

Health system access (capped)
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Inguinal, Femoral, and Abdominal Hernias
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Input data

Vital registration and verbal autopsy data were used to model this cause. We marked data as outliers in
instances where garbage code redistribution and noise reduction, in combination with small sample
sizes, resulted in unreasonable cause fractions. We also marked as outliers those data that violated
well-established time or age trends. Methods for assigning outlier status were consistent across both
vital registration and verbal autopsy data.

Modelling strategy

We modelled deaths due to inguinal, femoral, and abdominal hernias with a standard CODEm model
using the cause of death database and location-level covariates as inputs. The model followed standard
parameters, with the exception that the start age of the model was 1 year instead of 0 and the linear
floor rate was lowered to 0.0001 in order to better capture low data. We hybridised separate global and
data-rich models to acquire unadjusted results, which we finalised and adjusted using CoDCorrect to
reach final years of life lost (YLLs) due to inguinal, femoral, and abdominal hernias. In contrast to GBD
2016, covariates for smoking and BMI were included for possible selection during CODEm modelling in
GBD 2017.

Covariate Level Direction
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 -1
Socio-demographic Index 3 0
Healthcare access and quality index 2 -1
Cumulative cigarettes (10 years) 1 1
Cumulative cigarettes (5 years) 1 1
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Smoking prevalence
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Inflammatory Bowel Disease
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Input data

Vital registration data were used to model this cause. We marked data as outliers in instances where
garbage code redistribution and noise reduction, in combination with small sample sizes, resulted in
unreasonable cause fractions; and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to inflammatory bowel disease with a standard CODEm model using the cause
of death database and location-level covariates as inputs. The model followed standard parameters,
with the exception that the start age of the model was 1 year instead of 0 and the linear floor rate was
lowered to 0.0001 in order to better capture low data. We hybridised separate global and data-rich
models to acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final
years of life lost (YLLs) due to inflammatory bowel disease. In GBD 2017 there were no changes in
covariates tried or their expected strengths or directions, as compared to GBD 2016.

Covariate Level Direction
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 0
Latitude 15 to 30 (proportion) 2 -1
Latitude 30 to 45 (proportion) 2 1
Latitude 45 plus (proportion) 2 1
Socio-demographic Index 3 0
Fruits (grams adjusted) 1 -1
Red meats (grams adjusted) 1 1
Saturated fats (adjusted percent) 1 1
Vegetables (grams adjusted) 1 -1
Healthcare access and quality index 2 -1

255



Vascular Intestinal Disorders
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Input data

Vital registration data were used to model this cause. We marked data as outliers in instances where
garbage code redistribution and noise reduction, in combination with small sample sizes, resulted in
unreasonable cause fractions; and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to vascular intestinal disorders with a standard CODEm model using the cause
of death database and location-level covariates as inputs. The model followed standard parameters,
with the exception that the start age of the model was 1 year instead of 0 and the linear floor rate was
lowered to 0.0001 in order to better capture low data. We hybridised separate global and data-rich
models to acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final
years of life lost (YLLs) due to vascular intestinal disorders. In GBD 2017, compared to GBD 2016, there
were no changes in covariates or their expected strength and direction.

Covariate Level Direction
Alcohol (litres per capita) 2 1
Diabetes fasting plasma glucose (mmol/L) 1 1
Diabetes age-specific prevalence (proportion) 1 1
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 -1
Cholesterol (mean) 1 1
Systolic blood pressure (mean) 1 1
Latitude over 45 (proportion) 3 1
Socio-demographic Index 3 0
Fruits (grams adjusted) 2 -1
Saturated fats (adjusted percent) 1 1
Vegetables (grams adjusted) 2 -1
Healthcare access and quality index 2 -1
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Gallbladder and Biliary Diseases
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Data used to estimate mortality of gallbladder and biliary diseases consisted of vital registration data
from the cause of death (COD) database. We outliered data in instances where garbage code

redistribution and noise reduction, in combination with small sample sizes, resulted in unreasonable
cause fractions; and data that violated well-established time or age trends.

Modelling strategy
We modelled deaths due to gallbladder and biliary diseases with a standard CODEm model using the
cause of death database and location-level covariates as inputs. The model followed standard

parameters, with the exception that the start age of the model was 1 year old instead of 0 and the linear
floor rate was lowered to 0.0001 in order to better capture low data. We hybridised separate global and

data-rich models to acquire unadjusted results, which we finalised and adjusted using CodCorrect to
reach final years of life lost (YLLs) due to gallbladder and biliary diseases. In GBD 2016 we added the
Healthcare Access and Quality (HAQ) index covariate and replaced the animal fats (kcal per capita)
covariate with an updated saturated fats covariate (adjusted percent). There were no significant
changes in the modelling process between GBD 2016 and GBD 2017.

Level Covariate Direction
1 Body-mass index (mean) +
Saturated fats (adjusted percent) +
Alcohol (litres per capita) +
5 Healthcare access and quality index -
Red meats (grams adjusted) +
Population over 65 (proportion) +
Socio-demographic Index 0
3 Lag distributed income (per capita) 0
Education (years per capita) 0
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Pancreatitis
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Input data

Vital registration data were used to model this cause. We marked data as outliers in instances where
garbage code redistribution and noise reduction, in combination with small sample sizes, resulted in
unreasonable cause fractions, and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to pancreatitis with a standard CODEm model using the cause of death
database and location-level covariates as inputs. The model followed standard parameters, with the
exception that the start age of the model was 1 year instead of 0 and the linear floor rate was lowered
to 0.0001 in order to better capture low data. We hybridised separate global and data-rich models to
acquire unadjusted results, which we finalised and adjusted using CoDCorrect to reach final YLLs due to
pancreatitis. In GBD 2017, we did not change covariates tried, or their expected strengths and
directions, as compared to GBD 2016.

Covariate Level Direction
Alcohol (litres per capita) 1 1
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 0
Body mass index (mean) 2 1
Pancreatitis scalar (summary exposure variable) 1 1
Socio-demographic Index 3 0
Healthcare access and quality index 2 -1
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Data used to estimate mortality due to other digestive diseases consisted of vital registration data from
the cause of death (COD) database. We outliered data in instances where garbage code redistribution
and noise reduction, in combination with small sample sizes, resulted in unreasonable cause fractions;
and data that violated well-established time or age trends.

Modelling strategy

We modelled deaths due to other digestive diseases with a standard CODEm model using the cause of
death database and location-level covariates as inputs. The model followed standard parameters, with
the exception that the start age of the model was 1 year old instead of 0. We hybridised separate global
and data-rich models to acquire unadjusted results, which we finalised and adjusted using CodCorrect to

reach final YLLs due to other digestive diseases.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.
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Level

Covariate

Direction

Alcohol (litres per capita)

+

Cumulative cigarettes (5 years)

Cumulative cigarettes (10 years)

Smoking prevalence

Diabetes age-standardised prevalence (proportion)

Mean BMI

+ [+ [+]+]+

Sanitation (proportion with access)

Improved water source (proportion with access)

Fruits adjusted (g)

Red meats adjusted (g)

Saturated fats adjusted (percentage)

Healthcare access and quality index

Vegetables adjusted (g)

Education (years per capita)

Log LDI (IS per capita)

Socio-demographic Index

Health system access 2
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Alzheimer’s Disease and Other Dementias

Cause of death estimation

Input Data

In GBD 2017, data used to estimate deaths due to Alzheimer’s disease and other dementias (dementias
hereafter) included mortality data from vital registration systems and prevalence data from surveys and
medical claims sources.

An updated systematic review was conducted from September 2016 to August 2017, and search terms?
were set to capture studies for all dementia, including its sub-types. The search yielded 970 initial hits
and 27 were marked for extraction. Inclusion criteria comprised studies that reported prevalence,
incidence, remission rate, excess mortality rate, relative risk of mortality, standardised mortality ratio, or
with-condition mortality rate. Studies with non-representative samples or no clearly defined sample
were excluded. A flow chart documenting this review is displayed below. We also added US claims data
for 2011 and 2012-2015.

! ((dementia[Title/Abstract]) AND (incidence[Title/Abstract] OR prevalence[Title/Abstract] OR epidemiology[Title/Abstract])) AND
("2016/09/01"[Date - Publication] : "2017/08/29"[Date - Publication])
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38 Sources after
Full-Text Screening

38 Sources
Extracted

Modelling Strategy

Overview

Dementia mortality rates have increased more than five-fold since 1980 in high-quality vital registration
systems such as in the US and Scandinavia. We have not seen an equivalent increase in prevalence and
incidence data sources. If at all, there has been a modest decline in incidence and prevalence of
dementia in studies in the UK and the US.2"3 Also, the greater than 20-fold variation in mortality rates of
dementia between countries is much greater than the four-fold difference in prevalence and incidence
between countries. As it is unlikely that case fatality from dementia has dramatically increased over the
time period and that it would differ by a very large margin between countries, the hypothesis is that
certifying and coding practices have changed over time and at a different pace between countries. To
avoid spurious large trends over time in the fatal component of the burden of dementia, we decided for
GBD 2013 to make dementia mortality rates consistent with the most recent rates relative to prevalence
of countries that are most likely to certify or code dementia as an underlying cause of death. This
approach was applied again for GBD 2017 with some modifications, described further below.

2 Akushevich I, Kravchenko J, Ukraintseva S, Arbeev K, Yashin Al. Time trends of incidence of age-associated diseases in the US elderly
population: Medicare-based analysis. Age and ageing. 2013 Jul 1;42(4):494-500.

3 Matthews FE, Arthur A, Barnes LE, Bond J, Jagger C, Robinson L, Brayne C, Medical Research Council Cognitive Function and Ageing
Collaboration. A two-decade comparison of prevalence of dementia in individuals aged 65 years and older from three geographical areas of
England: results of the Cognitive Function and Ageing Study | and Il. The Lancet. 2013 Nov 1;382(9902):1405-12.

262



Modelling steps
First, we ran a CODEm model for dementia and extracted the mortality rates by age, sex, and geography
for 2017. The covariates used in this model are displayed below.

Level Covariate Direction
1 Diabetes age-specific prevalence
Mean BMI

Cholesterol (total, mean per capita)
Systolic blood pressure (mmHg)
Smoking prevalence

Education (years per capita)

+ |+ |+ |+ |+

2 Outdoor air pollution (PMs) +
Physical activity (MET-mins per week) -
Latitude over 45 (proportion) +
Red meat consumption adjusted (g) +

Healthcare access and quality index
3 LDI per capita(IS per capita) 0
Sanitation (proportion with access) -
Improved water source (proportion with access) -

Second, we ran a DisMod-MR 2.1 model with all data on incidence, prevalence, and mortality risk (RR,
SMR, or with-condition mortality rates) and a setting of zero remission and extracted 2017 prevalence
by age, sex, and geography. To account for potential systematic differences between medical claims and
survey data, we crosswalked the US claims data and added a covariate for European GP data. We also
used a linear regression to adjust data collected using the 10/66 diagnostic algorithm, which includes
more cases of mild cognitive impairment in comparison to the reference DSM definition.* Additionally,
to account for systematic differences in different methods of case ascertainment between different
studies we used study-level covariates on whether or not studies used a doctor-given diagnosis, whether
or not they used clinical records to ascertain a diagnosis, and whether or not a study used an algorithmic
diagnosis.

Third, we selected countries where the sum of cause-specific mortality rate to prevalence ratio for males
and females exceeded 2.5 (excluding small island nations, those without vital registration, and countries
without data on prevalence). This resulted in choosing the Finland, Scotland, Sweden, the United States,
England, the Netherlands, and Canada. The choice to pick fewer countries for this regression compared
to GBD 2015, which used 30 countries in the EMR regression, was motivated by a desire to reduce the
spread in EMR values, as some countries used in the regression can retain their original EMR values. We
decided to exclude Finland from the regression, as it is a high outlier compared to the other countries
included in the regression. However, we still allowed Finland to retain its original EMR values.

4 paddick S-M, Longdon AR, Kisoli A, et al. Dementia prevalence estimates in sub-Saharan Africa: comparison of two diagnostic
criteria. Glob Health Action 2013; 6. DOI:10.3402/gha.v6i0.19646 PMCID: PMC3617645.
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Fourth, we used a linear effects regression with dummies on age group and sex to predict excess
mortality (ie, the ratio of cause-specific mortality rate and prevalence) by age and sex, the results of
which are found in the tables below.

Table: Fixed effect coefficients of EMR regression. Outcome: In(EMR)

Independent variables Coef Std. error P value 95% Confidence Interval
Male 0.004 0.035 0.910 -0.064 0.072
Age 40-59 -2.897 0.074 0.000 -3.042 -2.752
Age 60-64 -2.267 0.074 0.000 -2.412 -2.122
Age 65-69 -2.103 0.074 0.000 -2.248 -1.958
Age 70-74 -1.845 0.074 0.000 -1.99 -1.7
Age 75- 80 -1.524 0.074 0.000 -1.669 -1.379
Age 80-84 -1.217 0.074 0.000 -1.362 -1.072
Age 85-89 -0.865 0.074 0.000 -1.01 -0.72
Age 90-94 -0.406 0.074 0.000 -0.551 -0.261
Constant -1.748 0.055 0.000 -1.856 -1.64

Table: Predicted EMR values by age and sex (95% Cl)

Male Female
Age 40-59 0.01 (0.009 - 0.011) 0.01 (0.009 - 0.011)
Age 60-64 0.018 (0.016 - 0.02) 0.018 (0.016 - 0.02)
Age 65-69 0.021 (0.019 - 0.024) 0.021 (0.019 - 0.024)
Age 70-74 0.028 (0.025 - 0.031) 0.028 (0.025 - 0.031)
Age 75- 80 0.038 (0.034 - 0.042) 0.038 (0.034 - 0.042)
Age 80-84 0.052 (0.046 - 0.057) 0.052 (0.047 - 0.057)
Age 85-89 0.074 (0.067 - 0.082) 0.074 (0.066 - 0.082)
Age 90-94 0.116 (0.105 - 0.13) 0.116 (0.104 - 0.129)
Age 95+ 0.175(0.157 - 0.196) 0.175 (0.157 - 0.194)

Fifth, these estimates were added to a second DisMod-MR 2.1 model as pertaining to the full 1990-
2017 estimation period. For Finland and the countries included in the regression, we allowed them to
retain their original EMR values when the age-standardised EMR for a country was higher than the age-
standardised EMR prediction generated from the regression. These countries retained their age- and
sex-specific ratios and entered those also as pertaining to the full 1990-2017 estimation period. We
excluded data for standardised mortality ratio, with-condition mortality rate, and relative risk as we
wanted to estimate cause-specific mortality rates that were consistent with the level of excess mortality
from the four chosen countries in 2017. No random effects were used in the model in order to prevent
spurious inflation of regional differences due to differences in measurement and measurement error.
Smoking prevalence and age-standardised years of education were used as country-level covariates. We
did a meta-analysis of the relative risk of dementia per additional year of education and used the results
to set bounds on the covariate in the model. The result of that meta-analysis is shown below.
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Togononi : Italy 2005 —— 14.80% 1.10[0.99, 1.20]

Mortimer : USA 2003 —a— 16.23% 0.84[0.75, 0.93]

Roe : USA 2007 — 17.89% 0.92[0.85, 0.99]

Lin : Taiwan 1998 i 18.47% 0.96[0.90, 1.02]

Galasko : Guam 2007 E 1 20.40% 0.87 [0.83, 0.90]

Yamada : Japan 1999 —— 12.21% 0.84 [0.71, 0.98]

RE Model - 100.00% 0.92[0.85, 0.99]
T T T 1T 1T

0.7 0.9 1.1 13

Relative Risk of Dementia per Additional Year of Education

Sixth, we took the predictions of cause-specific mortality by age, sex, geography, and year that DisMod-
MR 2.1 calculated as being consistent with the data on incidence and prevalence, and the priors on
excess mortality from step five. Because DisMod-MR 2.1 produces estimates in five-year intervals only,
we expanded the time series by log-linear interpolation; values for 1980-1990 were generated using a
regression on the entire time series with Socio-demographic Index included as a predictor. We divided
this cause-specific mortality by the all-cause mortality used in DisMod to calculate the dementia cause-
fraction based on prevalence data and the excess mortality derived from countries most likely to code to
dementia as a cause of death.

Seventh, we calculated the difference between this cause-fraction derived from DisMod and the cause-
fraction derived from the cause of death data prep process before redistribution in order to get the
amount of cause fraction that needed to be retrieved from other causes through the dementia
redistribution process.

Eighth, in order to calculate where these dementia deaths should be retrieved from, we analysed
multiple cause of death (MCOD) data. We only used data from the USA and asserted that the data from
2010-2015, during which the increases in coding to dementia as a cause of death leveled off, are the
reference data.

Ninth, for deaths where dementia is the underlying cause of death in the years 2010-2015, we
calculated what the underlying cause of death would have been in the counterfactual scenario in which
dementia had not been recognised. In order to calculate this counterfactual, we examined the causes
listed in part one of the chain of the death certificate. For each death certificate chain, we looked across
the entire dataset from 1980 to 2015 and determined what the distribution of underlying causes of
death was in individuals with that particular death certificate chain. Then, we assigned the
counterfactual deaths proportionally to the causes that are listed as underlying in these death
certificates. If, over the time period, there were less than 1,000 death certificates that had exactly the
same death certificate chain, then we included all death certificate chains that had those same causes,
but which could additionally include other causes in the chain as well. To assign counterfactual deaths
for these chains, we further subsetted the data to death certificate chains where any of the causes in
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the original death certificate chain were listed as underlying, determined the distribution of underlying
causes of death among just this subset, and then assigned counterfactual deaths proportionally in the
same manner.

Tenth, once we determined the counterfactual causes of death stemming from all dementia deaths
from 2010-2015, we calculated the proportion of deaths by cause that should be dementia deaths
according to the reference data by taking the counterfactual deaths for each cause and dividing by the
sum of the counterfactual deaths for that cause plus the directly coded deaths for that cause.

Eleventh, we applied the proportions to cause of death data in cause fraction space and scaled the cause
fractions to the total mortality cause fraction to be retrieved based on the DisMod model. We set caps
on the percent of deaths that were moved by age, sex, and cause. The caps were determined by finding
the 95 percentile of the percentages of deaths moved in each age-sex-cause category across all five-
star VR locations. The COD data are then processed using general redistribution strategies and noise
reduction.

Finally, the data derived from this process are used in a final CODEm model, using the same covariates
as the original CODEm model. These results are then adjusted through CodCorrect and become the final
cause of death estimates for dementia.
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In GBD 2017, data used to estimate deaths due to Parkinson’s disease included mortality data from vital

registration systems and prevalence data from surveys and claims sources.

An updated systematic review was conducted from September 2015 to August 2017, and search terms?
were set to capture studies for Parkinson’s disease. The search yielded 660 initial hits and 20 were
marked for extraction. Inclusion criteria comprised studies that reported prevalence, incidence,
remission rate, excess mortality rate, relative risk of mortality, standardised mortality ratio, or with-
condition mortality rate. Studies with no clearly defined sample or that drew from specific clinic/patient
organizations were excluded. We also added US claims data for 2011 and 2012—-2015. A flow chart

documenting this review is displayed below.

* (Parkinson disease[Title/Abstract] OR Parkinson's disease|[Title/Abstract]) AND (epidemiology[Title/Abstract] OR prevalence[Title/Abstract] OR

incidence[Title/Abstract]) AND ("2015/09/31"[PDAT] : "2017/08/23"[PDAT])
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660 Sources
Identified in
Systematic Review

603 Sources
Excluded based on
Title/Abstract
Screening

63 Sources after
Title/Abstract
Screening

43 Sources Excluded
based on Full Text
Screening

20 Sources after
Full-Text Screening

20 Sources
Extracted

Modelling Strategy

Overview

Parkinson’s disease mortality rates have more than doubled since 1980 in high-quality vital registration
systems such as in the USA, Canada, Australia, France, Germany, the United Kingdom, and Finland, while
other European countries like the Netherlands, Sweden, and Norway have not seen such increases over
time. We have not seen an equivalent increase in prevalence and incidence data sources. Additionally,
the greater than 15-fold variation in mortality rates of Parkinson’s disease between countries is much
greater the three-fold difference in prevalence and incidence between high-income countries. As it is
unlikely that case fatality from Parkinson’s disease has dramatically increased over the time period and
that it would differ by a very large margin between countries, the hypothesis is that certifying and
coding practices have changed over time and at a different pace between countries. For GBD 2016, we
decided to employ a modelling strategy which we have previously used to model mortality from
Alzheimer’s disease and other dementias, which avoids spurious large trends over time in the fatal
component of the burden of Parkinson’s disease by making Parkinson’s mortality rates consistent with
the rates observed in 2016, relative to prevalence in countries that are most likely to certify or code
Parkinson’s disease as an underlying cause of death. For GBD 2017, we again employed this strategy.

Modelling steps
First, we ran a CODEm model for Parkinson’s disease and extracted the mortality rates by age, sex, and
geography for 2017. The covariates used in this model are displayed below.
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Level Covariate Direction

1 Cumulative cigarette consumption (10 years) -

2 Absolute latitude

Cholesterol (total, mean per capita)

Sanitation (proportion with access)

o|Oo|+ |+

Improved water source (proportion with access)

Fruit consumption adjusted (g)

Healthcare access and quality index -

3 Education (years per capita) -

Socio-demographic Index +

Second, we ran a DisMod-MR 2.1 model with all data on incidence, prevalence, and mortality risk (RR,
SMR, or with-condition mortality rates) and a setting of zero remission and extracted prevalence by age,
sex, and geography. Studies where the case definition of two of the four cardinal symptoms of
Parkinson’s disease was not filled were crosswalked to studies using the reference case definition. No
random effects were used in the model in order to prevent spurious inflation of regional differences due
to differences in measurement and measurement error.

Third, we selected the seven countries (France, England, the United States, the Netherlands, Finland,
Scotland, and Wales) with the highest cause-specific mortality rate (from step 1) to prevalence (from
step 2) ratio in 2017, which also had an age-standardised prevalence rate greater than 0.0005 and a
population greater than 1 million.

Fourth, we used a linear effects regression with dummies on age group and sex to predict excess
mortality (ie, the ratio of cause-specific mortality rate and prevalence) by age and sex, the results of
which are found in the tables below.

Table: Fixed effect coefficients of EMR regression. Outcome: In(EMR)

Independent variables Coef Std. error P value 95% Confidence Interval

Male 0.288 0.036 0.000 0.218 0.358
Age 40-59 -3.25 0.076 0.000 -3.399 -3.101
Age 60-64 -2.557 0.076 0.000 -2.706 -2.407
Age 65-69 -2.021 0.076 0.000 -2.17 -1.871
Age 70-74 -1.42 0.076 0.000 -1.57 -1.271
Age 75- 80 -0.898 0.076 0.000 -1.047 -0.749
Age 80-84 -0.502 0.076 0.000 -0.651 -0.352
Age 85-89 -0.248 0.076 0.001 -0.397 -0.099
Age 90-94 -0.047 0.076 0.537 -0.196 0.102
Constant -2.357 0.057 0.000 -2.469 -2.246

Table: Predicted EMR values by age and sex (95% Cl)

Male Female
Age 40-59 0.005 (0.004 - 0.005) 0.004 (0.003 - 0.004)
Age 60-64 0.01 (0.009 - 0.011) 0.007 (0.007 - 0.008)

Age 65-69  0.017 (0.015 - 0.019) 0.013 (0.011 - 0.014)
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Age 70-74  0.031 (0.027 - 0.034) 0.023 (0.02 - 0.025)
Age 75-80  0.051 (0.046 - 0.057) 0.039 (0.035 - 0.043)
Age 80-84  0.076 (0.068 - 0.085) 0.058 (0.052 - 0.064)
Age 85-89  0.099 (0.089 - 0.111) 0.074 (0.066 - 0.083)
Age 90-94  0.12(0.108 - 0.135) 0.09 (0.081 - 0.1)
Age 95+ 0.126 (0.113 - 0.142) 0.095 (0.085 - 0.106)

Fifth, these estimates were added to a second DisMod-MR 2.1 model as pertaining to the full 1990-
2017 estimation period. For the countries included in the regression, we allowed them to retain their
original EMR values when the age-standardised EMR for a country was higher than the age-standardised
EMR prediction generated from the regression. These countries retained their age- and sex-specific
ratios and entered those also as pertaining to the full 1990-2017 estimation period. Smoking prevalence
was used as a country-level covariate. We excluded data for standardised mortality ratio, with-condition
mortality rate, and relative risk as we wanted to estimate cause-specific mortality rates that were
consistent with the level of excess mortality from the seven chosen countries in 2017.

Sixth, we took the predictions of cause-specific mortality by age, sex, geography, and year that DisMod-
MR 2.1 calculated as being consistent with the data on incidence and prevalence, and the priors on
excess mortality from step five. Because DisMod-MR 2.1 produces estimates in five-year intervals only,
we expanded the time series by log-linear interpolation; values for 1980-1990 were generated using a
regression on the entire time series with Socio-demographic Index included as a predictor. We divided
this cause-specific mortality by the all-cause mortality used in DisMod to calculate the Parkinson’s
disease cause-fraction based on prevalence data and the excess mortality derived from countries most
likely to code to Parkinson’s disease as a cause of death.

Seventh, we calculated the difference between this cause-fraction derived from DisMod and the cause-
fraction derived from the cause of death data prep process before redistribution in order to get the
amount of cause fraction that needed to be retrieved from other causes through the Parkinson’s disease
redistribution process.

Eighth, in order to calculate where these Parkinson’s disease deaths should be retrieved from, we
analysed multiple cause of death (MCOD) data. We only used data from the USA and asserted that the
data from 2010-2015, during which the increases in coding to Parkinson’s disease as a cause of death
leveled off, are the reference data.

Ninth, for deaths where Parkinson’s disease is the underlying cause of death in the years 2010-2015, we
calculated what the underlying cause of death would have been in the counterfactual scenario in which
Parkinson’s disease had not been recognised. In order to calculate this counterfactual, we examined the
causes listed in part one of the chain of the death certificate. For each death certificate chain, we looked
across the entire dataset from 1980-2015 and determined what the distribution of underlying causes of
death was in individuals with that particular death certificate chain. Then, we assigned the
counterfactual deaths proportionally to the causes that are listed as underlying in these death
certificates. If, over the time period, there were less than 1,000 death certificates that had exactly the
same death certificate chain, then we included all death certificate chains that had those same causes,
but which could additionally include other causes in the chain as well. To assign counterfactual deaths
for these chains, we further subsetted the data to death certificate chains where any of the causes in
the original death certificate chain were listed as underlying, determined the distribution of underlying
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causes of death among just this subset, and then assigned counterfactual deaths proportionally in the
same manner.

Tenth, once we determined the counterfactual causes of death stemming from all Parkinson’s disease
deaths from 2010-2015, we calculated the proportion of deaths by cause that should be Parkinson’s
disease deaths according to the reference data by taking the counterfactual deaths for each cause and
dividing by the sum of the counterfactual deaths for that cause plus the directly coded deaths for that
cause.

Eleventh, we applied the proportions to cause of death data in cause fraction space and scaled the cause
fractions to the total mortality cause fraction to be retrieved based on the DisMod model. We set caps
on the percent of deaths that were moved by age, sex and cause. The caps were determined by finding
the 95™ percentile of the percentages of deaths moved in each age-sex-cause category across all five-
star VR locations. The COD data are then processed using general redistribution strategies and noise
reduction.

Finally, the data derived from this process are used in a final CODEm model, using the same covariates
as the original CODEm model. These results are then adjusted through CodCorrect and become the final
cause of death estimates for Parkinson’s disease.
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Data used to estimate epilepsy mortality included vital registration (VR), verbal autopsy, and China
mortality surveillance data from the cause of death (COD) database. Our outlier criteria were to exclude
data points that (1) were implausibly high or low relative to global or regional patterns, (2) substantially
conflicted with established age or temporal patterns, or (3) significantly conflicted with other data
sources based from the same locations or locations with similar characteristics (ie, Socio-demographic
Index).

Based on these criteria, we excluded ICD-9 BTL data for Sri Lanka, Fiji, and Kiribati as the estimates
varied from year to year between zero and high values. We also excluded the Survey of Causes of Death
Data and Medical Certification of Cause of Death Data for India, as these data types were not consistent
with the Sample Registration System Data and would have led to discontinuities in our estimates over
time.

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to epilepsy. Separate
models were conducted for male and female mortality, and the age range for both models was 28 days—
95+ years. There were no substantial changes for GBD 2017. The covariates used are displayed below.

Level Covariate Direction
1 pig meat consumption (kcal per capita)

pigs (per capita) +

SEV scalar: epilepsy +

mean systolic blood pressure (mmHg) +
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healthcare access and quality index

mean body-mass index

mean serum total cholesterol (mmol/L)

cumulative cigarettes (10 years)

+ |+ |+ |+

cumulative cigarettes (5 years)

education (years per capita)

log LDI (per capita)

Socio-demographic Index
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Data used to estimate multiple sclerosis included vital registration and surveillance data from the cause
of death (COD) database. Our outlier criteria were to exclude data points that (1) were implausibly high
or low, (2) substantially conflicted with established age or temporal patterns, or (3) significantly
conflicted with other data sources conducted from the same locations or locations with similar
characteristics (ie, Socio-demographic Index).

Modelling strategy
The standard CODEm modelling approach was used to estimate deaths due to multiple sclerosis.
Separate models were conducted for male and female mortality, and the age range for both models was
20-95+ years. There were no substantial changes from GBD 2016. The covariates used are displayed

below.

Level Covariate Direction

1 absolute value of average latitude +

2 mean serum total cholesterol (mmol/L) +
healthcare access and quality index -

3 cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
education (years per capita) -
log-transformed LDI (per capita)
smoking prevalence +
Socio-demographic Index +
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Input data

Data used to estimate motor neuron disease mortality included vital registration and surveillance data
from the cause of death (COD) database. Our outlier criteria excluded data points that (1) were
implausibly high or low, (2) substantially conflicted with established age or temporal patterns, or (3)
significantly conflicted with other data sources conducted from the same locations or locations with
similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was used to estimate deaths due to motor neuron disease.
Separate models were conducted for male and female mortality, and the age range for both models was
20-95+ years. For GBD 2017, we added covariates for BMI, diabetes, and temperature, all of which have
been linked to motor neuron disease'. There were no other substantial changes from the GBD 2016
modelling strategy. The covariates used are displayed below.

Level Covariate Direction
1 absolute value of average latitude +
mean serum total cholesterol (mmol/L) 0
fruit consumption (grams per day adjusted) 0
mean diabetes fasting plasma glucose (mmol/L) +
mean body mass index (kg/m?) -
Socio-demographic Index 0
2 population-weighted mean temperature 0
sanitation (proportion with access) 0
improved water source (proportion with access) 0
healthcare access and quality index -
3 education (years per capita) 0
log-transformed LDI (per capita) 0

i Ingre C, Roos PM, Piehl F, Kamel F, Fang F. Risk factors for amyotrophic lateral sclerosis. Clin Epidemiol 2015; 7: 181-93. PMCID:
PMC4334292.
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Data used to estimate other neurological disorders included vital registration and surveillance data from
the cause of death (COD) database. Our outlier criteria were to exclude data points that (1) were
implausibly high or low, (2) substantially conflicted with established age or temporal patterns, or (3)
significantly conflicted with other data sources conducted from the same locations or locations with
similar characteristics (ie, Socio-demographic Index).

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to other neurological
disorders. Male and female CODEm models were run for deaths occurring between ages 28 days to 95+
years. There were no significant changes from the GBD 2016 modelling strategy. The covariates used are
displayed below.

Level Covariate Direction

1 underweight proportion under 2 standard deviations

mean body-mass index

mean cholesterol

mean systolic blood pressure

pig meat consumption (kcal per capita)

red meat consumption adjusted

+ ||+ + |+

2 alcohol (litres per capita)

healthcare access and quality index

fruit consumption adjusted

population density over 1,000 per square kilometer pct

3 cumulative cigarette consumption (10 years)

+ |+ |+

cumulative cigarette consumption (5 years)

education (years per captia)

log-transformed LDI (per capita)

+

smoking prevalence

Socio-demographic Index 0
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Input data
Data used to estimate eating disorders mortality included vital registration data from the cause of death

(COD) database. No garbage codes were redistributed to eating disorders given previous issues with
dehydration deaths in low- and middle-income countries causing unfeasible results.

Modelling strategy
Eating disorders were modelled using standard CODEm modelling approach and encompassing the two

child models of anorexia nervosa and bulimia nervosa. Age was restricted to deaths occurring between 5
and 49 years of age based on expert advice and patterns of prevalence seen in the non-fatal models of
anorexia nervosa and bulimia nervosa. Several covariates were applied to this model and are listed in
the table below, along with the direction in which they were applied.

Level Covariate Direction
1 education (years per capita) +
log LDI (IS per capita) +

underweight (proportion <2SD weight for age, <5 years) -

sanitation (proportion with access) +
maternal education (years per capita) +
2 healthcare access and quality index -
3 Socio-demographic Index +

In GBD 2013, eating disorders were modelled as a negative binomial model using a custom approach.
This approach was changed in GBD 2015, with eating disorders being modelled as a standard CODEm
model, as no obvious benefit was seen from using the custom modelling approach. GBD 2016 utilised
the same approach as GBD 2015 with the only difference being the inclusion of covariates. For GBD
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2017, garbage codes were no longer redistributed to eating disorders given the impact of these codes
on the feasibility of the geographical distribution. For example, while only a relatively small proportion
of dehydration garbage code deaths were redistributed to eating disorders, this added a comparatively
large number of deaths to eating disorders, particularly in regions with higher rates of infectious
diseases, and they were redistributed equally between males and females despite the prevalence of
eating disorders known to be up to ten times higher in females. As such, a decision was made to no
longer redistribute garbage codes to eating disorders.
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Anorexia Nervosa
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Data used to estimate anorexia nervosa mortality included centrally prepped vital registration data from
the cause of death (COD) database. No garbage codes were redistributed to anorexia nervosa given
previous issues with dehydration deaths in low- and middle-income countries causing unfeasible results.

Modelling strategy

Anorexia nervosa was modelled using the standard CODEm approach and came under the eating
disorders parent model. Age was restricted to deaths occurring between 5 and 49 years based on expert
advice and patterns of prevalence seen in the non-fatal model. Several covariates were applied to this
model and are listed in the table below, along with the direction in which they were applied.

Level Covariate Direction
1 education (years per capita) +
log LDI (IS per capita) +

underweight (proportion <2SD weight for age, <5 years) -

sanitation (proportion with access) +
maternal education (years per capita) +
2 healthcare access and quality index -
3 Socio-demographic Index +

In GBD 2013, anorexia nervosa deaths were extrapolated from the eating disorders model, which was
modelled through a negative binomial approach. This approach was changed in GBD 2015, with anorexia
nervosa deaths being modelled through a standard CODEm approach under the overarching eating
disorders model, as there was no benefit observed from applying the custom approach. GBD 2016
utilised the same approach as GBD 2015 with the only difference being the inclusion of covariates. For
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GBD 2017, garbage codes were no longer redistributed to anorexia nervosa given the impact of these
codes on the feasibility of the geographical distribution. For example, while only a relatively small
proportion of dehydration garbage code deaths were redistributed to anorexia nervosa, this added a
comparatively large number of deaths to anorexia nervosa, particularly in regions with higher rates of
infectious diseases, and were redistributed equally between males and females despite the prevalence
of anorexia nervosa known to be up to ten times higher in females. As such, a decision was made to no
longer redistribute garbage codes to anorexia nervosa.
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Bulimia Nervosa
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Data used to estimate bulimia nervosa mortality included centrally prepped vital registration data from
the cause of death (COD) database. No garbage codes were redistributed to bulimia nervosa given
previous issues with deaths in low- and middle-income countries causing unfeasible results.

Modelling strategy
Bulimia nervosa was modelled using the standard CODEm approach and comes under the eating

disorders parent model. Age was restricted to deaths occurring between 5 and 49 years based on expert
advice and patterns of prevalence seen in the non-fatal model. Several covariates were applied to this
model and are listed in the table below, along with the direction in which they were applied.

Level Covariate Direction

1 education (years per capita) +
log LDI (IS per capita) +
underweight (proportion <2SD weight for age, <5 years) -
sanitation (proportion with access) +
maternal education (years per capita) +

2 healthcare access and quality index -

3 Socio-demographic Index +

In GBD 2013, bulimia nervosa was not modelled as a distinct cause of death. Any deaths due to bulimia
nervosa were attributed to the eating disorders model. We changed this approach in GBD 2015,
recognising bulimia nervosa as an individual cause of death, and therefore modelled it as a standard
CODEmM model under the overarching eating disorders model. This decision was based on observing

281




deaths due to bulimia nervosa in high-quality vital registration data, such as data from the USA. These
data also include eating disorders not otherwise specified. GBD 2016 utilised the same approach as GBD
2015 with the only difference being the inclusion of covariates. For GBD 2017, garbage codes were no
longer redistributed to bulimia nervosa given the impact of these codes on the feasibility of the
geographical distribution.
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Alcohol Use Disorders
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All data were from vital registration, China surveillance, and verbal autopsy sources. Some data were
outliered from countries with sparse yet heterogeneous data if they created implausible fluctuations in
deaths and regional patterns. As an example, Medical Certification of Cause of Death data from India
were excluded for alcohol use disorders due to the extremely low estimates.

Modelling strategy

Cause of death modelling for alcohol use disorders followed the general CODEm strategy. There were no
substantial changes from GBD 2017. Model covariate inclusion was based on empirical evidence and
expert feedback, which resulted in a set of model covariates that reflected alcohol consumption,
smoking, education, health system access, percent of population Muslim, domestic income, and Socio-
demographic Index (SDI).

Table: covariates used in alcohol use disorders CODEm model

Level Covariate Direction

1 alcohol consumption (litres per capita) +
alcohol binge drinking +

2 Muslim religion -
cumulative cigarettes (10 years) 0
smoking prevalence 0

healthcare access and quality index -

3 log LDI (IS per capita) -

education (years per capita) -

Socio-demographic Index 0
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In GBD 2017, ICD codes for accidental poisoning (X40-44) were redistributed to the underlying GBD
cause (substance use disorder) using an algorithm devised from analysing national registry data from
several countries and expert feedback.

284



Drug Use Disorders

Cause of death estimation

Vital registration
data
Cause of death
database
Surveillance data
Verbal autopsy data Final burden
l estimation

Unadjusted deaths Adjusted
Location-level CODEmmodels by location/year/ deaths by
covariates (15+ years) age/sex dueto CodCorect location/year/
Drug use disorders age/sex

Standardize
input data

Garbage code

1D mappi -sex splitti
> 10D mapping — Age-sex splitting — TR

—» Noise reduction

Reference life table n

Legend

Input data

Database

Process

© Cause of death
@ Burden estimation

QO Covariates

Input data

All data were from vital registration, verbal autopsy, and surveillance sources. Data from countries with
sparse yet heterogeneous data were excluded as the data exaggerated fluctuations in deaths and gave
implausible regional patterns. Excluded data were typically from low-income countries. Notably, a
considerable amount of Medical Certification of Cause of Death (MCCD) data from India were excluded
for drug use disorders. Specifically, it was decided to remove the MCCD ICD-9 data, as a specific garbage
redistribution package was not available for that time series. Additionally, it was decided to remove
MCCD-ICD10 data from the Northeastern states of Meghalaya, Mizoram, Nagaland, and Manipur (where
the much lower values in MCCD compared to SRS removed the expected higher death rates there) and
also from the four states of Punjab, Uttarakhand, Jharkand, and Karnataka (where the raw data showed
almost no deaths from drug use disorders).

Modelling strategy

A few key changes were made to the modelling strategy in GBD 2017. Cause of death modelling for drug
use disorders still followed the general CODEm strategy; however, in GBD 2017 we specified CODEm to
model only space-time (rather than mixed effects) submodels. This was to address unsatisfactory model
fits in some locations, particularly in the USA, where the fit from space-time models was better able to
follow the large increase in deaths in later years. Additionally, we introduced new covariates:
intravenous drug use prevalence, and opioid consumption per million inhabitants per day. The latter
covariate is derived from data from the International Narcotics Control Board (INCB), which measures
“defined daily doses for statistical purposes” (S-DDD), which is considered an approximate measure to
rank consumption in different countries.

Another key change in the modelling strategy decision was to no longer run a model for the 0-28 day
age group due to the extremely small number of deaths being recorded. Instead, for locations with data
in infants, the data were directly applied during post-processing steps, rather than being included in a
model.

Table: covariates used in drug use disorders CODEm model
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Level Covariate Direction
1 Intravenous drug use age-standardised +
Intravenous drug use age-specific +
Opioid standard doses per million per day +
Opioid standard doses per million per day (5-year lag) +
Opioid standard doses per million per day (10-year lag) +
2 alcohol use (litres per capita) +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
opium cultivation bin +
smoking prevalence +
healthcare access and quality index -
3 log LDI (IS per capita) 0
education (years per capita) 0
Socio-demographic Index 0

The drug use model is the parent model of all other drug use causes (ie, amphetamine, cocaine, opioid,
and other drug). It forms an envelope into which all four individual drug use models are scaled during
the CoDCorrect process.
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Opioid Use Disorders
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All input data were from vital registration and surveillance sources. The locations for which there was
the most data included North America, Australia, Western Europe, and parts of Latin America. Mortality
data were largely absent from sub-Saharan Africa and South Asia.

Modelling strategy

A few key changes were made to the modelling strategy in GBD 2017. Cause of death modelling for drug
use disorders still followed the general CODEm strategy; however, in GBD 2017 we specified CODEm to
model only space-time (rather than mixed effects) models. This was to address unsatisfactory model fits
in some locations, particularly in the USA, where the fit from space-time models was better able to
follow the large increase in deaths in later years. Additionally, we introduced new covariates:
intravenous drug use prevalence from the model used to estimate exposure for the drug use as a risk
analyses, and opioid consumption per million inhabitants per day. The latter covariate was derived from
data from the International Narcotics Control Board (INCB) which measures “defined daily doses for
statistical purposes” (S-DDD), which translates all different opioids of different types and dosages into
comparable units to quantify consumption in different countries.

Another key change in the modelling strategy decision was to no longer run a model for the 0-28 day
age group due to the extremely small number of deaths being recorded. Instead, for locations with data
in infants, the data were directly applied during post-processing steps, rather than being included in a
model.
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Table 1: Covariates used in opioid use CODEm model

Level Covariate Direction
1 Intravenous drug use age-standardised +
Intravenous drug use age-specific +
Opioid standard doses per million per day +
Opioid standard doses per million per day (5-year lag) +
Opioid standard doses per million per day (10-year lag) +
2 alcohol use (litres per capita) +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
opium cultivation bin +
smoking prevalence +
healthcare access and quality index -
3 log LDI (IS per capita) 0
education (years per capita) 0
Socio-demographic Index 0

A significant limitation to previous drug use models was assumptions surrounding the redistribution of
garbage codes. In GBD 2016, and continued in GBD 2017, ICD codes for accidental poisoning (X40-44 and
X49) were redistributed to the underlying GBD cause (substance use disorder) using an algorithm
devised from analysing multiple cause of death records for the United States, Mexico, Brazil, and
Australia from 1980 to 2014. The main assumption behind this algorithm is the dominancy of the fatality
of some substances when considering a combination of drugs (Table 2).
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Table 2. Algorithm for the selection and assignment of a substance or drug use cause of death for
deaths coded to an underlying cause of unintentional poisoning using multiple cause of death data

Selection Algorithm
Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!\.re and
psychedelic drug
Opioids Opioids | Opioids Opioids Opioids Opioids Opioids
Cannabis Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!ve and
psychedelic drug
: . S . Amphetamines | Cocaine + ,
Cocaine Opioids | Cocaine Cocaine . Cocaine
+ Cocaine alcohol
ff-\mphetam Opioids Amphetamin Amphet?mme T T Amphetamines Amphetamines
ines es s + Cocaine + alcohol
alcohol Opioids | alcohol Cocaine + Amphetamines alcohol Psychoact!ve and
alcohal + alcohol psychedelic drug
Psychoacti Psychoactive Psychoactive
ve and and and Psychoactive and
Opioid Cocai Amphetami
psychedelic plolds psychedelic ocaine mphetamines psychedelic psychedelic drug
drug drug drug

Given that multiple cause of death data were only available to us for the United States, Brazil, Mexico,
and Australia, we applied the result from multiple cause of death analysis from the United States to the
United States and Canada, from Brazil and Mexico to Latin America and the Caribbean, and from
Australia to Australia, New Zealand, Southeast Asia, and Western Europe. For other locations, we
aggregated the results from the four countries and applied the aggregate pattern. This is an
improvement on the opioid use model from previous rounds of GBD. We hope for increased availability
of multiple causes of death data in future analyses in order to achieve a more precise distribution for
more locations.
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Cocaine Use Disorders
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Input data

All data were from vital registration and surveillance sources. Data from countries with sparse yet
heterogeneous data were excluded as the data exaggerated fluctuations in deaths and gave implausible
regional patterns. Excluded data were typically from low- and middle-income countries.

Modelling strategy

Cause of death modelling for cocaine use followed the general CODEm strategy. There were no
substantial changes from GBD 2016. Model covariate inclusion was based on empirical evidence and
expert feedback, which resulted in a set of model covariates that reflected alcohol consumption,
smoking, education, health system access, income per capita, and Socio-demographic Index (SDI) (Table
1).

Table 1: Covariates used in cocaine use CODEm model

Level Covariate Direction

1 alcohol use (litres per capita) +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
smoking prevalence +

2 healthcare access and quality index -

3 log LDI (IS per capita) 0
education (years per capita) 0
Socio-demographic Index +

A significant limitation to previous drug use models was assumptions surrounding the redistribution of
garbage codes. In GBD 2016, and continued in GBD 2017, ICD codes for accidental poisoning (X40-44 and
X49) were redistributed to the underlying GBD cause (substance use disorder) using an algorithm
devised from analysing multiple cause of death records for the United States, Mexico, Brazil, and
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Australia from 1980 to 2014. The main assumption behind this algorithm is the dominancy of the fatality

of some substances when considering a combination of drugs (Table 2).

Table 2. Algorithm for the selection and assignment of a substance or drug use cause of death for
deaths coded to an underlying cause of unintentional poisoning using multiple cause of death data

Selection Algorithm
Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!\.re and
psychedelic drug
Opioids Opioids | Opioids Opioids Opioids Opioids Opioids
Cannabis Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!\.re and
psychedelic drug
: .. S . Amphetamines | Cocaine + ,
Cocaine Opioids | Cocaine Cocaine . Cocaine
+ Cocaine alcohol
ff-\mphetam Opioids Amphetamin Amphet?mme e T Amphetamines Amphetamines
ines es s + Cocaine + alcohol
alcohol Opioids | alcohol Cocaine + Amphetamines alcohol Psychoact!ve and
alcohol + alcohol psychedelic drug
Psychoacti Psychoactive Psychoactive
ve and . | Opioids and i Cocaine Amphetamines and ] Psychoact!\re A
psychedelic psychedelic psychedelic psychedelic drug
drug drug drug

Given that multiple cause of death data were only available to us for the United States, Brazil, Mexico,
and Australia, we applied the result from multiple cause of death analysis from the United States to the
United States and Canada, from Brazil and Mexico to Latin America and the Caribbean, and from
Australia to Australia, New Zealand, Southeast Asia, and Western Europe. For other locations, we
aggregated the results from the four countries and applied the aggregate pattern. This is an

improvement on the cocaine use model from previous rounds of GBD. We hope for increased availability

of multiple causes of death data in future analyses in order to achieve a more precise distribution for
more locations.
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Amphetamine Use Disorders
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All data were from vital registration and surveillance sources. Data from countries with sparse yet
heterogeneous data were excluded as the data exaggerated fluctuations in deaths and gave implausible
regional patterns. Excluded data were typically from lower-income countries.

Modelling strategy

Cause of death modelling for amphetamine use followed the general CODEm strategy. There were no
substantial changes from GBD 2016. Model covariate inclusion was based on empirical evidence and expert
feedback, which resulted in a set of model covariates that reflected alcohol consumption, smoking, education,
health system access, domestic income, and Socio-demographic Index (SDI) (Table 1).

Table 1: Covariates used in amphetamine use CODEm model

Level Covariate Direction

1 alcohol use (litres per capita) +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
smoking prevalence +

2 healthcare access and quality index -

3 log LDI (IS per capita) 0
education (years per capita) 0
Socio-demographic Index +

A significant limitation to previous drug use models was assumptions surrounding the redistribution of garbage
codes. In GBD 2016, and continued in GBD 2017, ICD codes for accidental poisoning (X40-44 and X49) were
redistributed to the underlying GBD cause (substance use disorder) using an algorithm devised from analysing
multiple cause of death records for the United States, Mexico, Brazil, and Australia from 1980 to

2014. The main assumption behind this algorithm is the dominancy of the fatality of some substances when
considering a combination of drugs (Table 2).
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Table 2. Algorithm for the selection and assighment of a substance or drug use cause of death for deaths

coded to an underlying cause of unintentional poisoning using multiple cause of death data

Selection Algorithm
Opioids | Cannabis Cocaine Amphetamines | alcohaol Psychoact!ve and
psychedelic drug
Opioids Opioids | Opioids Opioids Opioids Opioids Opioids
Cannabis Opioids | Cannabis Cocaine Amphetamines | alcohal Psychoact!\.re and
psychedelic drug
. . . . Amphetamines | Cocaine + .
Cocaine Opioids | Cocaine Cocaine o Cocaine
+ Cocaine alcohol
fﬂ;mphetam Opioids Amphetamin Amphet?mlne e Amphetamines Amphetamines
ines es s + Cocaine + alcohol
alcohol Opioids | alcohol Cocaine + Amphetamines alcohol Psychoact!ve and
alcohol + alcohaol psychedelic drug
Psychoacti Psychoactive Psychoactive
ve and and and Psychoactive and
Opioid Cocai Amphetami
psychedelic plolds psychedelic ocaine mphetamines psychedelic psychedelic drug
drug drug drug

Given that multiple cause of death data were only available to us for the United States, Brazil, Mexico, and
Australia, we applied the result from multiple cause of death analysis from the United States to the United
States and Canada, from Brazil and Mexico to Latin America and the Caribbean, and from Australia to Australia,
New Zealand, Southeast Asia, and Western Europe. For other locations, we aggregated the results from the
four countries and applied the aggregate pattern. This is an improvement on the amphetamine use model from
previous rounds of GBD. We hope for increased availability of multiple causes of death data in future analyses
in order to achieve a more precise distribution for more locations.
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Other Drug Use Disorders
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All data were from vital registration and China surveillance sources. Data from countries with sparse yet
heterogeneous data were excluded as the data exaggerated fluctuations in deaths and gave implausible

regional patterns. Excluded data were typically from lower-income countries.

Modelling strategy
Cause of death modelling for other drug use followed the general CODEm strategy. There were no
substantial changes from GBD 2016. Model covariate inclusion was based on empirical evidence and
expert feedback, which resulted in a set of model covariates that reflected alcohol consumption,
smoking, education, health system access, domestic income, and Socio-demographic Index (SDI) (Table

1).

Table 1: Covariates used in other drug use CODEm model

Level Covariate Direction

1 alcohol (litres per capita) +
cumulative cigarettes (10 years) +
cumulative cigarettes (5 years) +
smoking prevalence +

2 healthcare access and quality index -

3 log LDI (IS per capita) 0
education (years per capita) 0
Socio-demographic Index 0
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A significant limitation to previous drug use models was assumptions surrounding the redistribution of

garbage codes. In GBD 2016, and continued in GBD 2017, ICD codes for accidental poisoning (X40-44 and

X49) were redistributed to the underlying GBD cause (substance use disorder) using an algorithm
devised from analysing multiple cause of death records for the United States, Mexico, Brazil, and

Australia from 1980 to 2014. The main assumption behind this algorithm is the dominancy of the fatality

of some substances when considering a combination of drugs (Table 2).

Table 2. Algorithm for the selection and assignment of a substance or drug use cause of death for
deaths coded to an underlying cause of unintentional poisoning using multiple cause of death data

Selection Algorithm
Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!ve and
psychedelic drug
Opioids Opioids | Opioids Opioids Opioids Opioids Opioids
Cannabis Opioids | Cannabis Cocaine Amphetamines | alcohol Psychoact!\.re and
psychedelic drug
. - . . Amphetamines | Cocaine + i
Cocaine Opioids | Cocaine Cocaine o Cocaine
+ Cocaine alcohol
ff-\mphetam Opioids Amphetamin Amphet?mme Amphetamines Amphetamines Amphetamines
ines es s + Cocaine + alcohol
alcohol Opioids | alcohol Cocaine + Amphetamines alcohol Psychoact!\.re and
alcohol + alcohol psychedelic drug
Psychoacti Psychoactive Psychoactive
ve and .. and S . and Psychoactive and
Opioid C Amphet
psychedelic plolds psychedelic ocaine mphetamines psychedelic psychedelic drug
drug drug drug

Given that multiple cause of death data were only available to us for the United States, Brazil, Mexico,
and Australia, we applied the result from multiple cause of death analysis from the United States to the
United States and Canada, from Brazil and Mexico to Latin America and the Caribbean, and from
Australia to Australia, New Zealand, Southeast Asia, and Western Europe. For other locations, we
aggregated the results from the four countries and applied the aggregate pattern. This is an
improvement on the other drug use model from previous rounds of GBD. We hope for increased
availability of multiple causes of death data in future analyses in order to achieve a more precise
distribution for more locations.
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Diabetes Mellitus

Diabetes mellitus mortality was estimated for overall diabetes mellitus, diabetes mellitus type 1, and
diabetes mellitus type 2 in GBD 2017. We included neonatal diabetes with type 1 diabetes and
gestational diabetes with type 2 diabetes. For full accounting of associated ICD 9 and ICD 10 codes,
please refer to Appendix Table 4.

Overall Diabetes Mellitus
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Input data
Overall diabetes mellitus mortality was estimated using deaths directly attributed to diabetes mellitus.

We used verbal autopsy and vital registration data as inputs into the model.

Verbal autopsy data: We outliered data points from sources where there were zero deaths estimated in
an age group as this was not realistic for deaths due to diabetes and we determined that these data
sources were unreliable.

Vital registration data: We outliered all data from the India Medical Certification of Cause of Death
report since the source of the data was unreliable according to expert opinion. We also outliered
ICD9BTL data points that were inconsistent with the rest of the data series and created unlikely time
trends.

Modelling strategy
The Cause of Death Ensemble model (CODEm) was used for deaths due to diabetes mellitus estimation.
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In the overall diabetes mellitus model, we used two models to estimate overall diabetes deaths with
different age restrictions. This is because deaths in younger age groups are almost exclusively due to
type 1 diabetes, while deaths in older ages are primarily due to type 2 diabetes. This allowed us to select
predictive covariates that are specific to the pathophysiology of diabetes type 1 and type 2. We set the
younger age model from 0-14 years and the older age model from 15-95+ years. We determined the age
threshold based on evidence that the onset age of diabetes type 2 is occurring at younger ages.

Covariate selection

The following are the covariates included in the model. We were able to set an expected direction on
each covariate. This requires that the covariate selected for the model must have the directional
relationship with diabetes mellitus deaths.

Model Level Covariate Direction
0-14 years 1 Healthcare access and quality index
3 Education years per capita -
2 Age-standardised fertility rate +
2 Latitude +
2 Age-standardised underweight (weight-for- | -
age) summary exposure variable
2 Percentage of births occurring in women +
>35 years old
2 Percentage of births occurring in women +
>40 years old
3 Socio-demographic Index -
2 Age-standardised stunting (height-for-age) -
summary exposure variable
Mean birth weight -
15 + model 1 Age-standardised mean fasting plasma +
glucose (mmol/L)
1 Age-standardised prevalence of diabetes +
3 Education years per capita +/-
3 Lag-distributed income per capita +/-
1 Mean BMI +
2 Mean cholesterol +/-
2 Mean systolic blood pressure +/-
1 Prevalence of obesity +
2 Energy-adjusted grams of fruits +/-
2 Energy-adjusted grams of sugar +
2 Energy-adjusted grams of vegetables +/-
3 Healthcare access and quality index +/-
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Diabetes mellitus Type 1 and Type 2
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Diabetes mellitus Type 2

Cause of death estimation

Unspecified
1CD-10 Vital Diabetics that
registration data are allocated to
(coded as unspecified, Type 2 Dm by

Proportion of
unspecified
Diabetics that are

Regression to
distribute
unspecified Diabetes

Type 2 Dm by age/
sex/yeat/location om gesied) Legend

location/year
1CD-10 Vital Standardize |\ oo Age-sex Garbage code Noise Cause of death
registration data input data PPing > splitting P redistribution reduction database
Database

mellitus

Final burden
estimation

Process
Reference life table —

Location-level
covariates

CODEm models

Unadjusted deaths Adjusted

by location/year/ JRr— deaths by
age/sex due to location/year/

Diabetes mellitus age/sex

@ Cause of death

O Nonfatal

O Disability weights
@ Burden estimation
O Covariates

Input data

Type-specific diabetes mellitus mortality was estimated using deaths from vital registration sources in
ICD-10 codes only. Diabetes type-specific information was not available in ICD-9 codes or deaths
determined by verbal autopsy.

Modelling strategy
The Cause of Death Ensemble model (CODEm) was used for deaths due to diabetes mellitus estimation.

Deaths in younger age groups are almost exclusively due to type 1 diabetes, while deaths in older ages
are primarily due to type 2 diabetes. To account for this age pattern, we set the age range of the
diabetes type 1 model to 0-95+ years and the age range of the diabetes type 2 model to 15-95+ years.
We used the same covariates in the diabetes type 1 model and diabetes type 2 model as the 0-14 year
and 15-95+ year in the overall diabetes models, respectively.

There were two unique data manipulation steps that occurred in order to prepare the data as part of
the modelling process.
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1. We assumed that all deaths <15 years were due to type 1 regardless of the ICD-10 code assigned
to the death. We imposed 100% attribution of diabetes mellitus deaths in <15 years to type 1
diabetes mellitus.

2. ICD-10 diabetes data were reported as type 1, type 2, or unspecified. We developed a regression
to estimate the fraction of unspecified diabetes mellitus that was type 1 and type 2. Since there
is a separate regression to estimate the proportion of type 1 diabetes mellitus and type 2
diabetes mellitus, we scaled the predicted proportions to one. These scaled proportions were
then applied to number of deaths coded to unspecified diabetes in each location, year, sex
where ICD-10 data was reported.

Regression equation

Type 1:
loait (number type 1 DM) " (number unspecified DM) 4
°gt number total DM ogt number total DM Prage group
+ B,age-st prev obesity * age group + age-st prev obesity
Type 2:

number type 2 DM ) . (number unspecified DM
~logi

number total DM number total DM ) + rage group
+ B,age-st prev obesity * age group + age-st prev obesit

logit(

Covariate selection

The following are the covariates included in the model. We were able to set an expected direction on
each covariate. This requires that the covariate selected for the model must have the directional
relationship with diabetes mellitus deaths.

Model Level Covariate Direction
Type 1 1 Healthcare access and quality index -
3 Education years per capita -
2 Age-standardised fertility rate +
2 Latitude +
2 Age-standardised underweight (weight-for- | -
age) summary exposure variable
2 Percentage of births occurring in women +
>35 years old
2 Percentage of births occurring in women +
>40 years old
3 Socio-demographic Index -
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2 Age-standardised stunting (height-for-age) -

summary exposure variable

Mean birth weight -

Type 2 Age-standardised mean fasting plasma +

glucose (mmol/L)
1 Age-standardised prevalence of diabetes +
3 Education years per capita +/-
3 Lag-distributed income per capita +/-
1 Mean BMI +
2 Mean cholesterol +/-
2 Mean systolic blood pressure +/-
1 Prevalence of obesity +
2 Energy-adjusted grams of fruits +/-
2 Energy-adjusted grams of sugar +
2 Energy-adjusted grams of vegetables +/-
3 Healthcare access and quality index +/-
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Chronic Kidney Disease
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Input data

Vital registration and verbal autopsy data were used to model mortality due to chronic kidney disease.
Outliers were identified by systematic examination of data points for all location-years. Data were
standardised and mapped according to the GBD causes of death ICD mapping method. These data were
then age-sex split, and appropriate redistribution of garbage code data was performed. Data points that
violated well-established age or time trends or that resulted in extremely high or low cause fractions
were determined to be outliers. Deaths due to congenital kidney anomalies (cystic kidney disease and
reflux hydronephrosis) were attributed to chronic kidney disease, marking a change from GBD 2015,
when these deaths were assigned to congenital anomalies.

Modelling strategy

The estimation strategy used for fatal chronic kidney disease is largely similar to methods used in GBD
2016. A standard CODEm model with location-level covariates was used to model deaths due to chronic
kidney disease. Iterations of models were assessed at the location/year/age group/sex level to
determine whether data points merited exclusion via outliering. Unadjusted death estimates were
adjusted using CoDCorrect to produce final estimates of YLLs. The covariates used are displayed below.

Level Covariate Direction
Diabetes fasting plasma glucose (mmol/L) +
Diabetes age-standardised prevalence (proportion) +

1 Mean systolic blood pressure (mmHg) +
Mean BMI +

Healthcare access and quality index -
Mean cholesterol
Total calories (kcal per capita) -
2 Red meat (kcal per capita)
Whole grains (kcal per capita)
Animal fat (kcal per capita)
Socio-demographic Index

3 Education (years per capita) -
Log LDI (Sl per capita) -

+

ololo|o
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Chronic Kidney Disease subtypes
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Input data

We estimated deaths due to five subtypes of chronic kidney disease: diabetes mellitus (DM) type 1,
diabetes mellitus (DM) type 2, hypertension, glomerulonephritis, and other causes. Data from end-stage
renal disease registries were used to inform estimates of proportion of CKD mortality attributable to
each CKD subtype. Age-specific data on the proportion of ESRD by subtype was available from the
United States, Australia, New Zealand, Nigeria, and Russia. Given the geographic spread in availability of
age-specific proportion data, input data were not age-split, marking a change from GBD 2016.

Vital registration (VR) data were excluded from estimates, as aetiology coding in VR sources was
considered highly variable and inconsistent between countries.

Modelling strategy

We ran DisMod-MR 2.1 models including diabetes prevalence and mean systolic blood pressure as
country-level covariates to obtain estimates of proportions for each subtype by location, year, age, and
sex. Data for CKD due to overall DM were more widely available than data by type of DM. In order to
make use of all available data, we modelled the proportion of CKD due to overall DM, DM type 1, and
DM type 2. Proportion of CKD due to DM type 1 and DM type 2 were then scaled to sum to the
proportion of overall DM at the gender, age, and country-matched level. The results from all subtype-
specific models were adjusted so that estimates across the subtypes equaled 1 at each of 1,000 draws.
These adjusted proportions were applied to the parent CKD CODEm model.
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Model Covariate Value Exponentiated
CKD proportion due Diabetes age- 0.49 1.63
to diabetes mellitus standardised (0.36-0.61) (1.44-1.84)
prevalence
CKD proportion due Mean systolic 0.30 1.35
to hypertension blood pressure (0.010-1.05) (1.01-2.86)
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Acute Glomerulonephritis
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Input data

Vital registration data were used to model mortality due to acute glomerulonephritis. Vital registration
data were standardised and mapped according to the GBD causes of death ICD mapping method. These
data were then age-sex split, and appropriate redistribution of garbage code data was performed. After
applying noise reduction, these data were uploaded to the COD database. Outliers were identified by
systematic examination of data points for all location-years. Data points that violated well-established
age or time trends or that resulted in extremely high or low cause fractions were determined to be
outliers.

Modelling strategy

The estimation strategy used for fatal acute glomerulonephritis is largely similar to methods used in GBD
2016. A standard CODEm model with location-level covariates was used to model deaths due to acute
glomerulonephritis. The linear floor is a model setting which indicates the lowest death rate (per
100,000) to be used in the linear prediction step of the cause of death modelling process. For GBD 2017,
the linear floor was reduced from a value of 0.01 used in GBD 2016 to a value of 0.0001 to allow the
model to better fit input data when the cause fraction is extremely low. This change has resulted in
lower estimates of mortality rate due to acute glomerulonephritis in many geographies. Age-restrictions
for death estimations secondary to acute glomerulonephritis include 28 days for lower bound and 95+
for upper bound. Iterations of models were assessed at the location/year/age group/sex level to
determine whether data points merited exclusion via outliering. Unadjusted death estimates were
adjusted using CoDCorrect to produce final estimates of YLLs. Estimates are limited by a paucity of data
for regions such as Eastern and Central sub-Saharan Africa. The covariates used are displayed below.

Level Covariate Direction
Diabetes age-standardised prevalence +
Mean systolic blood pressure (mmHg) +
2 Sanitation (proportion with access) -

Improved water sources (proportion with access) -
Healthcare access and quality index -
Socio-demographic Index -
3 Education (years per capita) -
Log LDI (Sl per capita) -
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Skin and Subcutaneous Diseases
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Input data

Data used to estimate mortality of skin and subcutaneous diseases consisted of vital registration data
and verbal autopsy data from the cause of death (COD) database. We marked data as outliers in
instances where garbage code redistribution and noise reduction, in combination with small sample
sizes, resulted in unreasonable cause fractions; and data that violated well-established time or age
trends. The data in skin and subcutaneous diseases consists of aggregated data from all other specific
skin diseases (cellulitis, pyoderma, decubitus ulcer) as well as unique data points from unspecified codes
of skin and subcutaneous disease.

Modelling strategy

We modelled deaths due to skin and subcutaneous diseases with a standard CODEm model using the
cause of death database and location-level covariates as inputs. The model followed standard
parameters, with the exception that the start age of the model was 28 days instead of 0. We hybridised
separate global and data-rich models to acquire unadjusted results, which we finalised and adjusted
using CoDCorrect to reach final years of life lost (YLLs) due to skin and subcutaneous diseases. In GBD
2017, we did not change covariates tried, or their expected strengths or directions, as compared to GBD
2016.

Covariate Level Direction
Alcohol (litres per capita) 2 1
Cumulative cigarettes (10 years) 2 1
Cumulative cigarettes (5 years) 2 1
Education (years per capita) 3 -1
Lag distributed income (per capita) 3 -1
Smoking prevalence 2 1
Improved water source (proportion with access) 1 -1
Unsafe sanitation (summary exposure variable) 1 1
Socio-demographic Index 3 0
Healthcare access and quality index 2 -1
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Bacterial Skin Diseases

Cause of death estimation Final burden Legend

estimation

Input data

Standardize
input data

Unadjusted deaths

Location-level by location/year/.
o0 CODEm models age/sex dueto G
covariates x
bacterial skin

diseases

Cause of death
database

Adjusted
deaths by
location/year/
age/sex

Reference life table

. . Garbage code . )
> ICD mapping [~ Age-sex splitting |y %1% BT | Noise reduction

d
Verbal autopsy data

Chinese Surveillance)
Point

’\

Process

© Cause of death

O Nonfatal

O Disability weights
@ Burden estimation
Q Covariates

Input Data

Data used to estimate bacterial diseases consisted of vital registration, verbal autopsy, and Chinese
disease surveillance point (DSP) data from the cause of death (COD) database. Outlier criteria excluded
data points that were implausibly high or low relative to global or regional patterns and data from
countries with small populations.

Modelling Strategy

This is a parent model of pyoderma and cellulitis. The standard CODEm modelling approach was used to
estimate deaths due to bacterial skin diseases. CODEm parameters were a combination of those from
pyoderma and cellulitis.

Level Covariate Direction
Summary exposure variable (SEV) scalar for unsafe sanitation +
1 Improved water source (proportion with access) -
Alcohol (litres per capita) +
Cumulative cigarettes (5 years) +
2 Cumulative cigarettes (10 years) +
Healthcare access and quality index -
Smoking prevalence +
Education (years per capita) -
3 Log LDI (IS per capita) -
Socio-demographic Index 0

307



Cellulitis
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Data used to estimate cellulitis mortality consisted of vital registration and Chinese disease surveillance
point (DSP) data from the cause of death (COD) database. Outlier criteria excluded data points that were
implausibly high or low relative to global or regional patterns and data from countries with small

populations.

Modelling strategy
The standard CODEm modelling approach was used to estimate deaths due to cellulitis. CODEm
parameters were centrally defined. COD models were evaluated by comparing age-standardised death
rates per 100,000 people to the GBD 2016 best model for 1990 and 2016 — individually for males and
females. We also compared the age-standardised annualised rate of change for death rates per 100,000
persons to GBD 2016.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level Covariate Direction
Healthcare access and quality index -
Education (years per capita) 0
Log LDI (IS per capita) 0
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Pyoderma
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Input data

Data used to estimate pyoderma mortality included centrally prepped vital registration and verbal
autopsy data from the cause of death (COD) database. Outlier criteria excluded data points that were
implausibly high or low relative to global or regional patterns and data from countries with small
populations.

Modelling strategy

We modelled deaths due to pyoderma with a standard CODEm model using the cause of death database
and location-level covariates as inputs. The model followed standard parameters. We hybridised
separate global and data-rich models to acquire unadjusted results, which we finalised and adjusted
using CodCorrect to reach final years of life lost (YLLs) due to pyoderma. In GBD 2016 we added the
healthcare access and quality (HAQ) index covariate to the model.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level Covariate Direction
Improved water source (proportion with access) -
1 Unsafe sanitation (summary exposure variable) +
Alcohol (litres per capita) +
Cumulative cigarettes (10 years) +
2 Cumulative cigarettes (5 years) +
Smoking prevalence +

Healthcare access and quality index -
Lag distributed income (per capita) -
3 Education (years per capita) -
Socio-demographic Index 0
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Decubitus Ulcer

Cause of death estimation Final burden

d
Verbal autopsy data

Vital Registration -
Sample

estimation

Standardize
input data

Garbage code

. Cause of death

{1 IcD mapping [ Age-sex splitting —¥

!

CODEm models CodCorrect

Reference life table "

Input data

Legend

Input data

© Cause of death

O Nonfatal

O Disability weights
@ Burden estimation
QO Covariates

Data used to estimate decubitus ulcer mortality consisted of vital registration sources and verbal
autopsy sources from the cause of death (COD) database. Outlier criteria excluded data points that were
implausibly high or low relative to global or regional patterns and data from countries with small

populations.

Modelling strategy
The standard CODEm modelling approach was used to estimate deaths due to decubitus ulcer. CODEm
parameters were centrally defined. COD models were evaluated by comparing age-standardised death
rates per 100,000 people to the GBD 2016 best model for 1990 and 2016 — individually for males and
females. We also compared the age-standardised annualised rate of change for death rates per 100,000
persons to GBD 2016.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level

Covariate

Direction

Summary exposure variable (SEV) scalar for unsafe sanitation

+

Improved water source (proportion with access)

Alcohol (litres per capita)

Healthcare access and quality index

Cumulative cigarettes (5 years)

Cumulative cigarettes (10 years)

Smoking prevalence

Education (years per capita)

Health system access 2

Log LDI (IS per capita)
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Other Skin and Subcutaneous Diseases
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Data used to estimate mortality due to other skin and subcutaneous diseases consisted of vital
registration data from the cause of death (COD) database. We outliered data in instances where garbage
code redistribution and noise reduction, in combination with small sample sizes, resulted in

unreasonable cause fractions; and data that violated well-established time or age trends.

Modelling strategy
The standard CODEm modelling approach was used to estimate deaths due to other skin and
subcutaneous diseases. CODEm parameters were centrally defined. COD models were evaluated by
comparing age-standardised death rates per 100,000 people to the GBD 2016 best model for 1990 and
2016 — individually for males and females. We also compared the age-standardised annualised rate of
change for death rates per 100,000 people to GBD 2016.

There were no significant changes in the modelling process between GBD 2016 and GBD 2017.

Level

Covariate

Direction

Underweight (proportion <2SD weight for age, <5 years)

+

Improved water source (proportion with access)

Summary exposure variable (SEV) scalar for unsafe sanitation

Healthcare access and quality index

Smoking prevalence

Alcohol (litres per capita)

Cumulative cigarettes (5 years)

Cumulative cigarettes (10 years)

Education (years per capita)

Health system access 2

Log LDI (IS per capita)

Socio-demographic Index
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Musculoskeletal Disorders
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Input data

Data used to estimate mortality from musculoskeletal disorders (MSK) included vital registration (VR),
verbal autopsy (VA), and China disease surveillance point data from the cause of death (COD) database.
Our outlier criteria excluded data points that were implausibly high or low relative to global or regional
patterns, substantially conflicted with established age or temporal patterns, or significantly conflicted
with other data sources based from the same locations or locations with similar characteristics (ie,
Socio-demographic Index).

Based on these criteria, in GBD 2017 we excluded VA data from Bangladesh, Vietnam, South Africa,
Burkina Faso, Ghana, and all countries in Eastern sub-Saharan Africa, including Ethiopia, Kenya,
Tanzania, Mozambique, and Zambia, as VA tools have poor validity in identifying MSK deaths. In India,
the number of deaths from new Sample Registration System (SRS) data in urban parts of states was
substantially higher than the number of deaths from Medical Certification of Cause of Death (MCCD)
data. In rural India, the SRS data are the only source. We have outliered the MCCD data to make the
models follow the SRS data. This does lead to higher estimates in India compared to other parts of the
world. For Indonesia, we excluded mortality surveillance data from a few states with high estimates
based on small numbers, ie, Kalimantan Selatan and Kalimantan Timur in males, and Maluku in females.
Recent years of data from Kazakhstan (2013—2015) were outliered as they presented a discontinuity
with previous years, which has been ascribed to the country’s attempt to reduce deaths due to CVD
leading to an increase of deaths. ICD9-BTL data from Latin American countries (Ecuador, Costa Rica, El
Salvador, Guatemala, Honduras, Nicaragua, Panama, Venezuela, Antigua and Barbuda, the Bahamas,
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Barbados, Belize, Bermuda, Cuba, Dominica, Grenada, Guyana, Jamaica, Saint Lucia, Saint Vincent and
Grenadines, Suriname, and Trinidad and Tobago) were outliered. The data from these countries
provided in ICD9-detail or ICD10 were kept in the analysis.

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to musculoskeletal
disorders. We applied mostly the same covariates used in GBD 2016, with a few changes. Otherwise,
there were no changes from the GBD 2016 modelling strategy.

Covariates are shown in the following table.

Level Covariate Direction

1 BMI (mean per capita)

2 Alcohol consumption (litres per capita)

Cumulative cigarettes (10 years)

Cumulative cigarettes (5 years)

Smoking prevalence

Cholesterol (mean per capita)

Vegetable consumption (g per capita)

Education (years per capita)

olo|lo|+ |+ |+ |+ |+ |+

Log-transformed LDI: lag-distributed income (S per capita)

Healthcare access and quality index

Bone mineral density

Age-standardised bone mineral density

o+ |+

3 SDI: Socio-demographic Index
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Rheumatoid Arthritis
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Input data

Data used to estimate rheumatoid arthritis mortality included vital registration, verbal autopsy, and
China disease surveillance data from the cause of death database. Our outlier criteria were to exclude
data points that were (1) implausibly high or low relative to global or regional patterns, (2) substantially
conflicted with established age or temporal patterns, or (3) significantly conflicted with other data
sources based from the same locations or locations with similar characteristics (ie, Socio-demographic
Index).

Based on these criteria, we excluded a few data points from China. For males, we outliered data points
from all sources in Tibet and data points from China disease surveillance in 1991 in all states, as these
led to disproportionately high estimates. For females, we outliered Tibet data points from all sources up
to 2007 and China disease surveillance data points in several southern states, ie, Guangxi, Hainan, and
Yunnan. In addition, as the vital registration data in Limpopo for both males and females in 2003 and
before are implausibly higher than the other provinces in South Africa, we outliered this data source and
kept the data for 2004—-2014 in the analysis. Also, as the vital registration data of mid-age males in
Greenland are unrealistically high and much higher than, eg, in Canada and Denmark, the data for males
age 45 and above were outliered. Recent years of data from Kazakhstan (2013-2015) were outliered as
they presented a discontinuity with previous years, which has been ascribed to the country’s attempt to
reduce deaths due to CVD leading to an increase of deaths from all other causes including rheumatoid
arthritis. Lastly, we outliered ICD9-BTL data from Latin American countries (Ecuador, Costa Rica, El
Salvador, Guatemala, Honduras, Nicaragua, Panama, Venezuela, Antigua and Barbuda, the Bahamas,
Barbados, Belize, Bermuda, Cuba, Dominica, Grenada, Guyana, Jamaica, Saint Lucia, Saint Vincent and
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Grenadines, Suriname, and Trinidad and Tobago). The data from these countries in the years that used
ICD10 were kept in the analysis.

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to rheumatoid arthritis.
We mostly applied the same covariates used in GBD 2016, with a few changes. Otherwise, there were
no changes from the GBD 2016 modelling strategy. All the covariates are shown in the following table.

Level Covariate Direction

1 Alcohol consumption (litres per capita) +
Cumulative cigarettes (10 years) +
Cumulative cigarettes (5 years) +
Smoking prevalence +

Healthcare access and quality index

2 Cholesterol (mean per capita)

Vegetable consumption (g per capita)

3 BMI (mean per capita)

o|+ |O|+

SDI: Socio-demographic Index

Log-transformed LDI: lag-distributed income (S per capita) -

Education (years per capita) -

Milk (g), adjusted 0
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Other Musculoskeletal Disorders
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Input data

Data used to estimate mortality of other musculoskeletal disorders (MSK) included vital registration,
verbal autopsy (VA), and China disease surveillance point data from the cause of death database. Our
outlier criteria excluded data points that were implausibly high or low relative to global or regional
patterns, substantially conflicted with established age or temporal patterns, or significantly conflicted
with other data sources based from the same locations or locations with similar characteristics (ie, socio-
demographic index).

Based on these criteria, we excluded VA studies from Eastern and Western sub-Saharan Africa, as VA
studies cannot distinguish other MSK deaths and estimates for the regions were disproportionately high.
Recent years of data from Kazakhstan (2013—-2015) were outliered as they presented a discontinuity
with previous years, which has been ascribed to the country’s attempt to reduce deaths from CVD
leading to an increase of deaths from all other causes, including other MSK. We also outliered all data in
Latin American countries (Ecuador, Costa Rica, El Salvador, Guatemala, Honduras, Nicaragua, Panama,
Venezuela, Antigua and Barbuda, the Bahamas, Barbados, Belize, Bermuda, Cuba, Dominica, Grenada,
Guyana, Jamaica, Saint Lucia, Saint Vincent and Grenadines, Suriname, and Trinidad and Tobago). The
data from these countries in the years that used ICD9-detail or ICD10 were kept in the analysis.

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to other musculoskeletal
disorders. We applied the same covariates used in GBD 2016 and there were no major changes from the
GBD 2016 modelling strategy. Covariates are shown in the following table.

Level Covariate Direction
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BMI (mean per capita)

Alcohol consumption (litres per capita)

Cumulative cigarettes (10 years)

Cumulative cigarettes (5 years)

Smoking prevalence

Cholesterol (mean per capita)

Vegetable consumption (g per capita)

Education (years per capita)

Log-transformed LDI: lag-distributed income (S per capita)

o|lo|o|+ |+ |+ |+ |+ |+

Healthcare access and quality index

SDI: Socio-demographic Index
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Congenital Birth Defects: Neural tube defects, congenital heart anomalies, orofacial clefts,
Down syndrome, Turner syndrome, Klinefelter syndrome, other chromosomal disorders,
congenital musculoskeletal anomalies, urogenital congenital anomalies, digestive
congenital anomalies, and other congenital birth defects.
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Input data

For GBD 2017, input data for estimating mortality due to congenital anomalies was centrally extracted,
processed, and stored in the causes of death (CoD) database. Vital registration (VR) was the dominant
data type, followed by verbal autopsy (VA) and surveillance. Those CoD data sources that specified the
sub-cause of birth defect were included in estimation of both the parent congenital anomalies model as
well as in sub-type-specific models.

For GBD 2017, data exclusions were limited. The majority of VA data were outliered in those over 5
years old as the age patterns were unreliable and led to poor model performance in the under-5 age
groups. We also excluded some data sources from the parent model where only a subset of sub-causes
were specified (eg, congenital heart disease, neural tube defects, and other congenital anomalies) and
the sum of the sub-causes clearly represented systematic underreporting of one of the sub-causes.
Systematic underreporting was suspected when sex- and age-specific rates were more than an order of
magnitude lower than neighboring or comparable locations. Data sources for those locations were still
included by default for sub-cause-specific models because under-reporting of the total was not assumed
to necessarily be associated with under-reporting of all of the component conditions.
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Modelling strategy

All types of congenital anomalies were estimated using cause of death ensemble modeling (CODEm) for
GBD 2017, as was done for previous iterations of the GBD study. Specific causes included neural tube
defects, congenital heart anomalies, orofacial clefts, Down syndrome, other chromosomal anomalies,
congenital musculoskeletal anomalies, urogenital congenital anomalies, digestive congenital anomalies,
and other congenital birth defects. We assumed no mortality from either Klinefelter syndrome or Turner
syndrome, for which we model non-fatal outcomes only. For GBD 2017, we modelled congenital
anomalies as a cause of death for ages 0-69 years only, assuming that all mortality from congenital
conditions occurs before age 70 years of age.

For GBD 2016, we added three new causes to the congenital anomalies: congenital musculoskeletal and
limb anomalies; urogenital congenital anomalies; and digestive congenital anomalies. We made no
additions to the causes of congenital anomalies for GBD 2017.

Covariates selected for CODEm model of overall congenital birth defects

Covariate Transformation Level Direction
Maternal alcohol consumption during None 1 Positive
pregnancy (proportion)
In-facility delivery (proportion) None 1 Negative
Live births 35+ (proportion) None 1 Positive
Folic acid unadjusted (ug) None 1 Negative
Legality of abortion None 2 Negative
Antenatal care (1 visit) coverage None 2 Not specified
(proportion)
Smoking prevalence (reproductive-age- None 2 Positive
standardised)
Antenatal care (4 visits) coverage None 2 Negative
(proportion)
Healthcare access and quality index None 2 Negative
Education (years per capita) None 2 Negative
Alcohol (litres per capita) None 3 Positive
Fruits unadjusted (g) None 3 Positive
Outdoor air pollution (PM,s) None 3 Positive
Indoor air pollution (all cooking fuels) None 3 Positive
Socio-demographic Index None 3 Negative
Vegetables unadjusted (g) None 3 Positive
Covariates selected for CODEm model of neural tube defects
Covariate Transformation Level Direction
Health system access (capped) None 1 Negative
Fruits adjusted (g) None 2 Negative
Vegetables adjusted (g) None 2 Negative
Healthcare access and quality index None 2 Negative
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Education (years per capita) None 3 Negative

LDI (IS per capita) Log 3 Negative

Socio-demographic Index None 3 Negative

Covariates selected for CODEm model of congenital heart anomalies

Covariate Transformation | Level Direction
Maternal alcohol consumption during None 1 Positive
pregnancy (proportion)

Socio-demographic Index Log 2 Negative
Smoking prevalence (reproductive-age- None 2 Positive
standardised)

Diabetes age-standardised prevalence None 2 Positive
(proportion)

Healthcare access and quality index None 2 Negative
Legality of abortion None 2 Negative
Antenatal care (1 visit) coverage (proportion) None 2 Negative
In-facility delivery (proportion) None 2 Negative
Education (years per capita) None 2 Negative
Alcohol (litres per capita) None 3 Positive
Antenatal care (4 visits) coverage (proportion) | None 3 Negative
Skilled birth attendance (proportion) None 3 Negative
Live births 35+ (proportion) None 3 Positive

Covariates selected for CODEm model of cleft lip and cleft palate

Covariate Transformation | Level Direction
Indoor air pollution (all cooking fuels) None 1 Positive
Diabetes age-standardised prevalence None 2 Positive
(proportion)

Maternal alcohol consumption during None 2 Positive
pregnancy (proportion)

Healthcare access and quality index None 2 Negative
Outdoor air pollution (PM3s) None 2 Positive
Legality of abortion None 2 Negative
Skilled birth attendance (proportion) None 2 Negative
Smoking prevalence (reproductive-age- None 2 Positive
standardised)

Vegetables unadjusted (g) None 3 Not specified
Alcohol (litres per capita) None 3 Positive
Antenatal care (4 visits) coverage (proportion) | None 3 Negative
Education (years per capita) None 3 Negative
Fruits unadjusted (g) None 3 Not specified
Antenatal care (1 visit) coverage (proportion) None 3 Negative
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Covariates selected for CODEm model of Down syndrome

Covariate Transformation | Level Direction
Live births 35+ (proportion) None 1 Positive
Legality of abortion None 1 Negative
Live births 40+ (proportion) None 1 Positive
Socio-demographic Index None 2 Negative
LDI (I$ per capita) Log 2 Negative
In-facility delivery (proportion) None 2 Negative
Healthcare access and quality index None 2 Negative
Maternal alcohol consumption during
pregnancy (proportion) None 3 Positive
Antenatal care (1 visit) coverage (proportion) None 3 Negative
Education (years per capita) None 3 Negative
Indoor air pollution (all cooking fuels) None 3 Positive
Antenatal care (4 visits) coverage (proportion) None 3 Negative
Vegetables unadjusted (g) None 3 Negative
Smoking prevalence (reproductive age-
standardised) None 3 Positive
Covariates selected for CODEm model of other chromosomal abnormalities
Covariate Transformation | Level Direction
Live births 35+ (proportion) None 1 Positive
Live births 40+ (proportion) None 1 Positive
Legality of abortion None 1 Negative
LDI (I$ per capita) Log 2 Negative
Healthcare access and quality index None 2 Negative
Antenatal care (4 visits) coverage (proportion) | None 2 Negative
Antenatal care (1 visit) coverage (proportion) None 2 Negative
In-facility delivery (proportion) None 2 Negative
Maternal alcohol consumption during
pregnancy (proportion) None 2 Positive
Socio-demographic Index None 3 Not specified
Alcohol (litres per capita) None 3 Positive
Smoking prevalence (reproductive age-
standardised) None 3 Positive
Education (years per capita) None 3 Negative
Skilled birth attendance (proportion) None 3 Negative

Covariates selected for CODEm model of congenital musculoskeletal and limb anomalies

Covariate Transformation | Level Direction
Maternal alcohol consumption during pregnancy

(proportion) None 1 Positive
Legality of abortion None 1 Negative
In-facility delivery (proportion) None 2 Negative
Diabetes age-standardised prevalence (proportion) | None 2 Positive
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Socio-demographic Index None 2 Negative
Healthcare access and quality index None 2 Negative
Indoor air pollution (all cooking fuels) None 2 Positive
Smoking prevalence (reproductive age
standardised) None 2 Positive
Antenatal care (4 visits) coverage (proportion) None 3 Negative
Alcohol (litres per capita) None 3 Positive
Vegetables unadjusted (g) None 3 Not specified
Fruits unadjusted (g) None 3 Not specified
Education (years per capita) None 3 Negative
Antenatal care (1 visit) coverage (proportion) None 3 Negative
Covariates selected for CODEm model of urogenital congenital anomalies
Covariate Transformation | Level Direction
Smoking prevalence (reproductive age-
standardised) None 1 Positive
Maternal alcohol consumption during
pregnancy (proportion) None 1 Positive
Healthcare access and quality index None 2 Negative
Diabetes age-standardised prevalence
(proportion) None 2 Positive
Socio-demographic Index None 2 Negative
Outdoor air pollution (PM25) None 2 Positive
In-facility delivery (proportion) None 2 Negative
Indoor air pollution (all cooking fuels) None 2 Positive
Antenatal care (1 visit) coverage (proportion) None 3 Negative
Alcohol (litres per capita) None 3 Positive
Education (years per capita) None 3 Negative
LDI (I1$ per capita) Log 3 Negative
Antenatal care (4 visits) coverage (proportion) None 3 Negative
Covariates selected for CODEm model of digestive congenital anomalies
Covariate Transformation | Level Direction
Maternal alcohol consumption during
pregnancy (proportion) None 1 Positive
Smoking prevalence (reproductive age-
standardised) None 1 Positive
Indoor air pollution (all cooking fuels) None 2 Positive
Diabetes age-standardised prevalence
(proportion) None 2 Positive
Socio-demographic Index None 2 Negative
Prevalence of obesity (age-standardised) None 2 Positive
In-facility delivery (proportion) None 2 Negative
Healthcare access and quality index None 2 Negative
Alcohol (liters per capita) None 3 Positive
Health system access (capped) None 3 Negative
Education (years per capita) None 3 Negative
Vegetables unadjusted (g) None 3 Not specified
Antenatal care (1 visit) coverage (proportion) None 3 Negative
Antenatal care (4 visits) coverage (proportion) None 3 Negative
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Fruits unadjusted (g) None 3 Not specified
LDI (I1$ per capita) Log 3 Negative
Covariates selected for CODEm model of other congenital birth defects
Covariate Transformation | Level Direction
Maternal alcohol consumption during
pregnancy (proportion) None 1 Positive
Live births 35+ (proportion) None 1 Positive
Education (years per capita) None 2 Negative
Smoking prevalence (reproductive age-
standardised) None 2 Positive
Legality of abortion None 2 Negative
In-facility delivery (proportion) None 2 Negative
Indoor air pollution (all cooking fuels) None 2 Positive
Healthcare access and quality index None 2 Negative
Antenatal care (1 visit) coverage (proportion) None 3 Negative
Diabetes age-standardised prevalence
(proportion) None 3 Positive
LDI (I$ per capita) Log 3 Negative
Socio-demographic Index None 3 Negative
Antenatal care (4 visits) coverage (proportion) None 3 Negative
Alcohol (litres per capita) None 3 Positive

323




Urinary Diseases and Male Infertility
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Input data

Vital registration data were used to model mortality due to urinary diseases and male infertility. Vital
registration data were standardised and mapped according to the GBD causes of death ICD mapping
method. These data were then age-sex split, and appropriate redistribution of garbage code data was
performed. After applying noise reduction, these data were uploaded to the COD database. Outliers
were identified by systematic examination of data points for all location-years. Data points that violated
well-established age or time trends or that resulted in extremely high or low cause fractions were
determined to be outliers.

Modelling strategy

The estimation strategy used for fatal urinary diseases and male infertility is largely similar to methods
used in GBD 2016. A standard CODEm model with location-level covariates was used to model deaths
due to urinary diseases and male infertility. Iterations of models were assessed at the location/year/age
group/sex level to determine whether data points merited exclusion via outliering. The estimates are
limited by a paucity of data for regions such as Eastern and Central sub-Saharan Africa. The results of
this disease differ by gender as no “male infertility” estimates were performed among women. The
covariates used are displayed below.

Level Covariate Direction
Mean BMI +
Healthcare access and quality index -
Latitude under 15 (proportion)
Latitude 15 to 30 (proportion)
Latitude 30 to 45 (proportion)
Latitude over 45 (proportion)
Education (years per capita) -
3 Log LDI (Sl per capita) -
Socio-demographic Index 0
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Urinary Tract Infections
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Input data

Vital registration and verbal autopsy data were used to model mortality due to urinary tract infections.
Data were standardised and mapped according to the GBD causes of death ICD mapping method. These
data were then age-sex split, and appropriate redistribution of garbage code data was performed. After
applying noise reduction, these data were uploaded to the COD database. Outliers were identified by
systematic examination of data points for all location-years. Data points that violated well-established
age or time trends or that resulted in extremely high or low cause fractions were determined to be
outliers.

Modelling strategy

The estimation strategy used for fatal urinary tract infections is largely similar to methods used in GBD
2016. A standard CODEm model with location-level covariates was used to model deaths due to
interstitial nephritis. Age-restrictions for death estimations secondary to urinary tract infections include
0 days for lower bound, 95+ for upper bound. Iterations of models were assessed at the
location/year/age group/sex level to determine whether data points merited exclusion via outliering.
Unadjusted death estimates were adjusted using CoDCorrect to produce final estimates of YLLs. The
estimates are limited by a paucity of data for regions such as Eastern and Central sub-Saharan Africa.
The covariates used are displayed below.

Level Covariate Direction
1 Sanitation (proportion with access) -
Education (years per capita) -
2 Log LDI (Sl per capita) -
Healthcare access and quality index -
3 Socio-demographic Index n/a
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Urolithiasis
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Input data

Vital registration and verbal autopsy data were used to model mortality due to urolithiasis. Data were
standardised and mapped according to the GBD causes of death ICD mapping method. These data were
then age-sex split, and appropriate redistribution of garbage code data was performed. After applying
noise reduction, these data were uploaded to the COD database. Outliers were identified by systematic
examination of data points for all location-years. Data points that violated well-established age or time
trends or that resulted in extremely high or low cause fractions were determined to be outliers.

Modelling strategy

The estimation strategy used for fatal urolithiasis is largely similar to methods used in GBD 2016. A
standard CODEm model including location-level covariates was used to model deaths due to urolithiasis.
Age-restrictions for death estimations secondary to urolithiasis include 5 years for lower bound, 95+ for
upper bound. Iterations of models were assessed at the location/year/age group/sex level to determine
whether data points merited exclusion via outliering. Unadjusted death estimates were adjusted using
CoDCorrect to produce final estimates of YLLs. The estimates are limited by a paucity of data for regions
such as Eastern and Central sub-Saharan Africa. The covariates used are displayed below.

Level Covariate Direction

1 Temperature (90" percentile) +
Animal fat (kcal per capita) +
Fruits (kcal per capita) -

2 Vegetables (kcal per capita) -
Red meat (kcal per capita) +
Healthcare access and quality index -

3 Socio-demographic Index 0
Log LDI (Sl per capita) -
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Other Urinary Diseases
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Input data

Vital registration and verbal autopsy data were used to model mortality due to other urinary diseases.
Data were standardised and mapped according to the GBD causes of death ICD mapping method. These
data were then age-sex split, and appropriate redistribution of garbage code data was performed. After
applying noise reduction, these data were uploaded to the COD database. Outliers were identified by
systematic examination of data points for all location-years. Data points that violated well-established
age or time trends or that resulted in extremely high or low cause fractions were determined to be
outliers.

Modelling strategy

The estimation strategy used for other urinary diseases is largely similar to methods used in GBD 2016. A
standard CODEm model with location-level covariates was used to model deaths due to other urinary
diseases. Age-restrictions for death estimations secondary to urinary diseases and male infertility
include 0 days for lower bound, 95+ for upper bound. Iterations of models were assessed at the
location/year/age group/sex level to determine whether data points merited exclusion via outliering.
Unadjusted death estimates were adjusted using CoDCorrect to produce final estimates of YLLs. The
estimates are limited by a paucity of data for regions such as Eastern and Central sub-Saharan Africa.
The covariates used are displayed below.

Level Covariate Direction
1 Mean BMI +
Education (years per capita) -
2 Log LDI (S| per capita) -
Healthcare access and quality index -
3 Socio-demographic Index 0
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Gynaecological Conditions
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For GBD 2017, vital registration data were used to estimate deaths for each of the five fatal
gynaecological conditions, which include uterine fibroids, polycystic ovarian syndrome (PCOS),
endometriosis, genital prolapse, and other gynaecological conditions. These causes are sex-specific to
women and we only model deaths among women. ICD9 and ICD10 codes for each are listed below. Data
points were selected as outliers if they were implausibly high, low, or significantly conflicted with
established age or temporal patterns.

Modelling strategy

For GBD 2017, we estimated mortality due to the total of all gynaecological diseases as well as each of
the sub-categories using CODEm. We assumed no deaths from premenstrual syndrome and primary
infertility, which we model for non-fatal outcomes.

Continuing in GBD 2017, we have reassigned deaths due to leiomyomas and other benign uterine

tumors to uterine fibroids.

Covariates included in the CODEm models for each gynaecological disorder by level and direction:

Gynaecological disorders

Covariate name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
Percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
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TFR 2 1
Health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
Uterine Fibroids
Covariate Name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
TFR 2 1
health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
PCOS
Covariate Name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
TFR 2 1
health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
Endometriosis
Covariate Name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
TFR 2 1
health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
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Genital Prolapse

Covariate Name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
Percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
TFR 2 1
health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
Other gynecological disorders
Covariate Name Level Direction
Education, years per capita 3 -1
LDI per capita 3 -1
Percentage births in over 35s 2 1
Skilled birth attendance proportion 2 -1
Smoking prevalence 1 0
TFR 2 1
health system access capped 2 -1
Socio-demographic Index 3 -1
Healthcare access and quality index 2 -1
ICD10 and ICD9 codes used for gynecological disorders
Model ICD10 code ICD9 code
Uterine fibroids D25-D26.9, D28.2  218-219.9, 236.0
Endometriosis N80-N80.9 617-617.9
Genital prolapse N81-N81.9 618-618.9
Polycystic ovarian syndrome E28.2 256.4

B37.3-B37.49, N61 -
N64.9, N72, N75 —

Other gynaecological disorders N77.8, N83 — N86, 112.1-112.2, 611-619, 620-629.81
N88 — N91.5, N94 —
N95.9
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Haemoglobinopathies and Haemolytic Anaemias

This write-up covers the following sub-causes: Sickle cell disorders, thalassaemias, glucose-6-phosphate
dehydrogenase (G6PD) deficiency, and other haemoglobinopathies and haemolytic anaemias

Cause of death estimation for hemoglobinopathies and hemolytic anemias
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Input data

For GBD 2017, the overall CODEm model for haemoglobinopathies and haemolytic anemias was
informed by centrally prepped data stored in the cause of death (COD) database. All data from all
geographies were reviewed. Outliers were identified as those data where age patterns or temporal
patterns were inconsistent with neighbouring age groups or locations or where sparse data were
predicting implausible overall temporal or age patterns for a given location.

DisMod-MR 2.1 was used to estimate sickle cell disorders, thalassaemias, and G6PD deficiency age- and
sex-specific prevalence and mortality for each location and year in the GBD. Three sources of data were
used for DisMod-MR 2.1 models: literature, Marketscan data, and ICD-9 & ICD-10 hospital data. Each
datum for sickle cell disease models was used for one of three mutually exclusive conditions: 1)
homozygous sickle cell disease and severe sickle cell/beta thalassaemia, 2) mild sickle cell/beta
thalassaemia, or 3) Hemoglobin SC disease. We similarly extracted data for thalassaemias using three
mutually exclusive disease states: 1) beta thalassaemia major, 2) haemoglobin E/beta thalassaemia, and
3) haemoglobin H disease. G6PD deficiency was estimated as a single model. Cause-specific mortality
rates for other haemoglobinopathies and haemolytic anaemias, lacking more specific data, was assumed
to be geographically uniform, but did vary by age and sex; the levels and trends were informed by
analysis of VR data from the COD database.
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We added data from select geographies identified by GBD collaborators for GBD 2017. Our last
comprehensive literature review was completed in GBD 2015, where we identified data on prevalence,
excess mortality rate, or with-condition mortality rate. Age-specific survival probabilities from cohort
studies were converted to corresponding with-condition mortality rates. G6PD deficiency is an X-linked
recessive genetic disease, and genetic homozygosity served as the reference definition for our DisMod-
MR 2.1 models in 2015. This was a change from GBD 2013, when we quantified G6PD deficiency on
reagent tests as the reference category. Second, we extracted ICD-9-coded Marketscan data from the
United States, correcting for multiple admissions, primary versus non-primary coding, and outpatient
versus inpatient visits as determined from patient linkage analysis. Third, we used ICD-9 and ICD-10
inpatient and outpatient hospital data from all those locations where it was available, applying
correction factors from analysis of claims data. These included correction factors for multiple
admissions, age- and sex-specific ratio of prevalence that would be derived from only using the primary
discharge ICD code versus that derived from using any of the discharge diagnosis codes, also accounting
for differences in geography-specific overall hospitalisation rate when calculating the ratio. We applied
this as a correction factor for those sources where only a single ICD code is given for each discharge. Of
note, there were no hospital data available for haemoglobin E/beta-thalassaemia, haemoglobin H
disease, or G6PD deficiency. All prevalence data from Marketscan, hospital sources, and literature were
uploaded to the non-fatal database.

Modelling strategy

We completed seven separate DisMod-MR 2.1 models, as listed above. Several used log-transformed
lag-distributed income as a country-level covariate on excess mortality, which had the effect of
predicting higher excess mortality in those locations with lower national income. The only study
covariate used for most models was for sex. Genetic G6PD deficiency is far more common in males, but
for all others the male to female ratio is nearly equivalent. Our G6PD deficiency model included
additional study covariates to crosswalk from non-genetic diagnostic tests (eg, chemical reagent testing)
back to the reference definition. Incidence and remission were both set to be zero.

We completed data-rich (DR) and global CODEm models for males and females separately. The sum of
CSMR from all seven DisMod-MR 2.1 models was used as a predictive covariate for CODEm model
development. CODEm results were then split between sickle cell disorders, thalassaemias, G6PD
deficiency, and other haemoglobinopathies and haemolytic anaemias using summed and scaled CSMR
outputs from the same models. Other haemoglobinopathies and haemolytic anaemias did not have a
separate DisMod-MR 2.1 model, but was instead informed by location-specific VR data.

The primary limitation of our estimation is data availability. We elected a hybrid approach of CODEm
and DisMod-MR 2.1 to improve the quality of estimates in data-poor locations, but in most of these
locations data are still relatively sparse for non-fatal models, which leads to relatively large uncertainty.
Further adding to the uncertainty is the fact that haemoglobinopathies dramatically increase the risk of
mortality due to infectious agents such as malaria, lower respiratory infections, and diarrhoea, as well as
increasing the risk of maternal mortality. In locations with poor diagnostic capabilities and high
infectious burden, it is thus very plausible that mortality due to haemoglobinopathies may be even
higher. Secondly, our specification of seven distinct entities for DisMod-MR 2.1 models does not align
perfectly with the cause categories in the central COD prep, which limits the extent to which CSMR data
from the COD database can inform non-fatal models. We will continue to work to expand our dataset
and consolidate the GBD analysis of haemoglobinopathies going forward.
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Covariates in parent CODEm model

Covariate Transformation | Level* Direction*
Education None 3 -1
LDI Log 3 -1
Haemoglobinopathies (sum of prevalence *

. . None 1 1
excess-mortality from all DisMod models)
Sickle Cell & Thal (sum of prevalence * excess-
mortality from all DisMod models — excluding None 1 1
G6PD deficiency)
Latitude under 15 (proportion) None 3 1
Latitude 15 to 30 (proportion) None 3 1
Latitude 30 to 45 (proportion) None 3 0
Latitude over 45 (proportion) None 3 -1
Socio-demographic Index None 3 -1
Healthcare access and quality index None 2 -1
Health System Access, Capped None 2 -1
Malaria Lysenko PFPR 1 (Holoendemic) None 3 1

*Level refers to the likelihood of a relationship between the covariate and mortality (1 = more likely; 3 =
less likely); direction refers to the direction of the relationship (1 = positive correlation; -1 = negative
correlation).
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Endocrine, Metabolic, Blood, and Immune Disorders
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Input data

Vital registration and verbal autopsy data were used to model mortality due to endocrine, metabolic,
blood, and immune disorders. Data were standardised and mapped according to the GBD causes of
death ICD mapping method. These data were then age-sex split, and appropriate redistribution of
garbage code data was performed. After applying noise reduction, these data were uploaded to the COD
database. Outliers were identified by systematic examination of data points for all location-years. Data
points that violated well-established age or time trends or that resulted in extremely high or low cause
fractions were determined to be outliers.

Modelling strategy

The estimation strategy used for fatal endocrine, blood, metabolic, and immune disorders is largely
similar to methods used in GBD 2016. A standard CODEm model with location-level covariates was used
to model deaths due to endocrine, blood, metabolic, and immune disorders. Iterations of models were
assessed at the location/year/age group/sex level to determine whether data points merited exclusion
via outliering. Unadjusted death estimates were adjusted using CoDCorrect to produce final estimates of
YLLs. The covariates used are displayed below.

Level Covariate Direction

1 Mean BMI +
Animal fat (kcal per capita) +
Alcohol (litres per capita) +

2 Total calories (kcal per capita) +
Mean cholesterol +
Healthcare access and quality index
Socio-demographic Index 0

3 Log LDI (Sl per capita) -
Education (years per capita) -
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Sudden Infant Death Syndrome (SIDS)
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Standardize o P Garbage code " . Cause of death
Final burden Datsbase
estimation

¥

Cause of death estimation

Unadjusted deaths

loc:

CODEm models CodCorrect

© Cause of death
@ Burden estimation

o Covariates

Input data

Vital registration data were used to estimate deaths due to sudden infant death syndrome (SIDS). Data
points were selected as outliers if they met the following criteria: (1) implausibly high values relative to
country time trends or global or regional patterns, based on the assumption that there are not
“outbreaks” of SIDS, or (2) substantially conflicting with established age or temporal patterns. In
addition, for GBD 2017, all deaths assigned to SIDS outside of 4- and 5-star countries were reassigned to
neonatal disorders. SIDS can only be ascertained as a cause of death by autopsy, which is unlikely to
have been used outside of 4- and 5-star countries.

Modelling strategy

The standard CODEm modelling approach was applied to estimate deaths due to SIDS. We ran CODEm
models for ages 7-27 days and 28—-364 days because we believe that deaths assigned to SIDS in other
age groups are mis-assigned and these are therefore treated as garbage codes. Surveillance data and
verbal autopsy data were not used as inputs to this model because these sources do not use data
collection methods that can accurately diagnose deaths due to SIDS.

Notable differences between the GBD 2013 and GBD 2015 strategy included updates across the board
to smoking-related covariates, total fertility rate, and Socio-demographic Index covariates. The addition
of American Samoa to the Oceania region was also of note, as well as the shift to including more ICD
detail codes in the input data for some countries that previously reported only aggregated codes. There
were no significant changes in strategy from GBD 2015 to GBD 2017.
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Covariates are shown in the following table.

Level Covariate Direction
1 Tobacco (cigarettes per capita) +
In-facility delivery (proportion) -
2 Underweight (proportion <2SD weight for age, <5 years) +
Skilled birth attendance (proportion) -
3 LDI (IS per capita) 0
Education (years per capita) -
Total fertility rate +

Socio-demographic Index
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Injuries

Cause of death estimation Legend
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@ Burden estimation
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Input data

In GBD 2017, we estimated injury mortality from vital registration, verbal autopsy, mortality
surveillance, censuses, surveys, and police record data. Police and crime reports were data sources
uniquely used for the estimation of deaths from road traffic injury and interpersonal violence. The police
data were collected from published studies, national agencies, and institutional surveys such as the
United Nations Crime Trends Survey and the WHO Global Status Report on Road Safety Survey. For
countries with vital registration data we did not use police records, except if the recorded number of
road injury and interpersonal violence deaths from police records exceeded that in the vital registration.

Infrequently, data points were marked as outliers. Outlier criteria excluded data points that (1) were
implausibly high or low relative to global or regional patterns, (2) substantially conflicted with
established age or temporal patterns, or (3) significantly conflicted with other data sources conducted
from the same locations or locations with similar characteristics (ie, Socio-demographic Index).

Modelling strategy

Overview

In GBD 2017, the standard CODEm modelling approach was applied to estimate deaths due to all causes
of injury, excluding “Exposure to forces of nature,” and “Conflict and terrorism”. These causes were
modelled solely outside of the CODEm process as fatal discontinuities estimation; this process is detailed
further in the section on fatal discontinuities estimation in the appendix.

Fatal discontinuity was estimated for ten injury causes also modelled in CODEm. These causes included
“Road injuries”, “Motor vehicle road injuries”, “Other transport injuries”, “Fire, heat, and hot
substances”, “Poisonings”, “Environmental exposure to heat and cold “, “Other unintentional injuries”,
“Interpersonal violence”, “Other exposure to mechanical forces”, and “Executions and police conflict”.
Final fatal discontinuity estimations for these causes were merged with CODEm results post-CoDCorrect

to produce final cause of death results.
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Refer to the table at the end of this section for a complete list of the cause-of-injury categories,
modelling strategies, and covariate changes from GBD 2016.

GBD injury codes and categories

The International Classification of Diseases (ICD) was used to classify injuries. In GBD, injury incidence
and death are defined as ICD-9 codes EO00-E999 and ICD-10 chapters V to Y. There is one exception:
deaths and cases of alcohol poisoning and drug overdoses are classified under drug and alcohol use
disorders. In GBD 2017, injury causes were organized into 28 mutually exclusive and collectively
exhaustive external cause-of-injury categories. For GBD 2017, “Poisoning” was differentiated into
“Poisoning by carbon monoxide,” and “Poisoning by other”, and “Unintentional suffocation” was
removed as its ICD codes were added to the “Pulmonary aspiration and foreign body in airway” cause.

Preparation of data

The preparation of cause of death data includes age splitting, age-sex splitting, smoothing, and outlier
detection. These steps are described in detail by Naghavi and colleagues and Lozano and colleagues.'*3
The concept of “garbage codes” and redistribution of these codes was proposed in GBD 1990.% Garbage
codes are causes of death that should not be identified as specific underlying causes of death but have
been entered as the underlying cause of death on death certificates. A classic example of these types of
codes in injuries chapters are “Exposure to unspecified factor” (X59 in ICD-10 and E887 in ICD-9) and all
undetermined intent codes (Y10-Y34 in ICD-10 and E980-E988 in ICD-9). Other examples of garbage
codes in injuries are the coding of an injury death to intermediate codes like septicaemia or peritonitis
or as an ill-defined and unknown cause of mortality (R99). Approximately 2% of total deaths in countries
with vital registration data are assigned to these three injury garbage code categories.

Splitting into sublevel causes

In countries with non-detail ICD code data, cause-of-injury categories were proportionally split into
sublevel cause-of-injury categories. The sublevel cause-of-injury causes were created in the CoDCorrect
process. One of the countries with non-detail ICD code data is South Africa, and in GBD 2013 the
proportions of sublevel cause-of-injury were based on vital registration data. For GBD iterations of 2015,
2016, and 2017, the proportions were based on post-mortem investigation of injury deaths as described
in the paper by Matzopoulos and colleagues 2015.°

Limitations and model assumptions

We added police data for road injuries and interpersonal violence to help predict level and age patterns
in countries with sparse or absent cause of death data even though we know from countries with near-
complete vital registration data that police records tend to underestimate the true level of deaths.
However, we applied police data estimates in instances where reported deaths were higher than vital
registration numbers.

Covariates
The following covariates were included.

Transport injuries

Level Covariate Direction
1 Alcohol (litres per capita) +
1 Vehicles — 2 wheels fraction (proportion) +
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w W W N N NN

Vehicles — 2+4 wheels (per capita)

Healthcare access and quality index

LDI (IS per capita)

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqgkm, proportion)
Education (years per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index

Road injuries

Level

W W W N N NN PP PR

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Road Inj

Vehicles — 2 wheels (per capita)

Vehicles — 2 wheels fraction (proportion)

Vehicles — 2+4 wheels (per capita)

Vehicles — 4 wheels (per capita)

Healthcare access and quality index

Population 15 to 30 (proportion)

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Pedestrian road injuries

Level

W W W N N NN R R R

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Pedest

Vehicles — 2 wheels fraction (proportion)

Vehicles — 2+4 wheels (per capita)

Healthcare access and quality index

LDI (IS per capita)

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sgkm, proportion)
Education (years per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index
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Cyclist road injuries

Level

W W N N NN PR R

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Cyclist

Vehicles — 2 wheels fraction (proportion)

Vehicles — 2+4 wheels (per capita)

Healthcare access and quality index

LDI (IS per capita)

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Education (years per capita)

Socio-demographic Index

Motorcyclist road injuries

Level

W W W NN N NN R P

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Mot Cyc

Vehicles — 2 wheels (per capita)

Healthcare access and quality index

LDI (IS per capita)

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Education (years per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index

Motor vehicle road injuries

Level

W W W W NN NN R R

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Mot Veh

Vehicles — 4 wheels (per capita)

Healthcare access and quality index

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Education (years per capita)

LDI (IS per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index
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Other road injuries

Level

w W NN R PR

Covariate

Alcohol (litres per capita)
Log-transformed SEV scalar: Oth Road
Vehicles — 2 wheels fraction (proportion)
Vehicles — 2+4 wheels (per capita)
Healthcare access and quality index

LDI (IS per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index

Other transport injuries

Level

W W W W W N NN P PR

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Oth Trans

Vehicles — 2 wheels fraction (proportion)

Vehicles — 2+4 wheels (per capita)

Healthcare access and quality index

Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

LDI (IS per capita)

Rainfall quintile 5 (proportion)

Socio-demographic Index

Unintentional injuries

Level

W W N NNR R R R R P

Covariate

Cumulative cigarettes (5 Years)

Diabetes fasting plasma glucose (mmol/L)

Health system access 2 (unitless)

Indoor air pollution (all cooking fuels)

Smoking prevalence

Underweight (proportion <2SD weight for age, <5 years)
Alcohol (litres per capita)

Population density (500-1000 ppl/sgkm, proportion)
Population density (over 1000 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)
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Falls

Level

w W W NN R

Drowning

Level

W W W N R R R R R R

Covariate

Alcohol (litres per capita)
Log-transformed SEV scalar: Falls
Healthcare access and quality index
Milk adjusted (g)

Elevation over 1500m (proportion)
LDI (IS per capita)

Socio-demographic Index

Covariate

Alcohol (litres per capita)

Coastal population within 10km (proportion)

Landlocked nation (binary)
Log-transformed SEV scalar: Drown
Rainfall quintile 1 (proportion)
Rainfall quintile 5 (proportion)
Elevation under 100m (proportion)
Education (years per capita)

LDI (IS per capita)
Socio-demographic Index

Fire, heat, and hot substances

Level

W W W N N N NN

Poisonings
Level
1

Covariate

Log-transformed SEV scalar: Fire
Alcohol (litres per capita)
Healthcare access and quality index

Indoor air pollution (all cooking fuels)

Population density (over 1000 ppl/sgkm, proportion)

Tobacco (cigarettes per capita)
Education (years per capita)
LDI (IS per capita)
Socio-demographic Index

Covariate

Log-transformed SEV scalar: Poison
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Opium cultivation (binary)

Healthcare access and quality index

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Poisoning by carbon monoxide

Level
3

3
3
3

Covariate

Education (years per capita)
Healthcare access and quality index
LDI (IS per capita)

Socio-demographic Index

Poisoning by other means

Level
3

3
3
3

Covariate

Education (years per capita)
Healthcare access and quality index
LDI (IS per capita)

Socio-demographic Index

Exposure to mechanical forces

Level

W W W NN N NN

Covariate

Alcohol (litres per capita)

Healthcare access and quality index

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Unintentional firearm injuries

Level
1

2
2
2
3

Covariate

Log-transformed SEV scalar: Mech Gun
Alcohol (litres per capita)

Health system access (unitless)
Healthcare access and quality index

Education (years per capita)
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LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sqgkm, proportion)
Socio-demographic Index

Other exposure to mechanical forces

Level

W W W N N N NN

Covariate

Log-transformed SEV scalar: Oth Mech

Alcohol (litres per capita)

Health system access (unitless)

Healthcare access and quality index

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Adverse effects of medical treatment

Level
2
3
3

Covariate

Healthcare access and quality index
LDI (IS per capita)
Socio-demographic Index

Animal contact

Level

W W W wWw w w W NN P

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Animal

Healthcare access and quality index

Population 15 to 30 (proportion)

Education (years per capita)

Elevation over 1500m (proportion)

Elevation under 100m (proportion)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sqgkm, proportion)
Socio-demographic Index

Venomous animal contact

Level

Covariate
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W W W w w w w AN k-

Alcohol (litres per capita)

Log-transformed SEV scalar: Venom

Healthcare access and quality index

Education (years per capita)

Elevation over 1500m (proportion)

Elevation under 100m (proportion)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)

Socio-demographic Index

Non-venomous animal contact

Level

W W W w w w w w w N P

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Non Ven

Healthcare access and quality index

Alcohol (litres per capita)

Education (years per capita)

Elevation over 1500m (proportion)

Elevation under 100m (proportion)

Healthcare access and quality index

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)

Socio-demographic Index

Foreign body

Level

W N R P R R R

Covariate

Education (years per capita)

Indoor air pollution (all cooking fuels)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population over 65 (proportion)

Healthcare access and quality index

Socio-demographic Index

Pulmonary aspiration and foreign body in airway

Level

1

Covariate
Log-transformed SEV scalar: F Body Asp
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W W W NN NN NN

Alcohol (litres per capita)

Alcohol binge drinker proportion, age-standardised
Healthcare access and quality index

Mean BMI

Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Foreign body in other body part

Level

W W W w w w w NP

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Oth F Body

Healthcare access and quality index

Education (years per capita)

Elevation Over 1500m (proportion)

Elevation Under 100m (proportion)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sqgkm, proportion)
Socio-demographic Index

Other unintentional injuries

Level

W W W w w w W NN Rk PPk

Covariate

Alcohol (liters per capita)

Log-transformed SEV scalar: Oth Unint

Vehicles — 2 wheels (per capita)

Vehicles — 4 wheels (per capita)

Healthcare access and quality index

Education (years per capita)

Elevation over 1500m (proportion)

Elevation under 100m (proportion)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)
Socio-demographic Index

Self-harm and interpersonal violence

Level
1

Covariate

Alcohol (litres per capita)
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Self-harm

Level

W W W N NN NDNDNMNNMNDNR R R R

Healthcare access and quality index

Log-transformed SEV scalar: Oth Unint

Education (years per capita)

Elevation over 1500m (proportion)

Elevation under 100m (proportion)

LDI (IS per capita)

Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Self Harm

Major depressive disorder

Non-partner lifetime prevalence of sexual violence (female-only)
Risk of self-harm due to major depressive disorder
Healthcare access and quality index

Muslim religion (proportion of population)
Population density (150-300 ppl/sgkm, proportion)
Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sqgkm, proportion)
Religion (binary, >50% Muslim)

Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Self-harm by firearm

Level

N N N N NN PP

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Self Harm

Major depressive disorder

Healthcare access and quality index

Population density (150-300 ppl/sgkm, proportion)
Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sqgkm, proportion)
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Religion (binary, >50% Muslim)
Education (years per capita)
LDI (IS per capita)
Socio-demographic Index

Self-harm by other specified means

Level

W W W N N N N N NN R PR

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Self Harm

Major depressive disorder

Healthcare access and quality index

Population density (150-300 ppl/sgkm, proportion)
Population density (300-500 ppl/sgkm, proportion)
Population density (500-1000 ppl/sqkm, proportion)
Population density (over 1000 ppl/sgkm, proportion)
Population density (under 150 ppl/sgkm, proportion)
Religion (binary, >50% Muslim)

Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Interpersonal violence

Level

W W W N NN P

Covariate

Alcohol (liters per capita)

Log-transformed SEV scalar: Violence

Healthcare access and quality index

Opium cultivation (binary)

Population density (over 1000 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Assault by firearm

Level
1

1
2
2
2

Covariate

Alcohol (liters per capita)
Log-transformed SEV scalar: Viol Gun
Healthcare access and quality index
Opium cultivation (binary)

Population density (over 1000 ppl/sgkm, proportion)
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Education (years per capita)
LDI (IS per capita)
Socio-demographic Index

Assault by sharp object

Level

W W W NN NN P

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Viol Knife

Healthcare access and quality index

Opium cultivation (binary)

Population density (over 1000 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Assault by other means

Level

W W W N NN P

Covariate

Alcohol (litres per capita)

Log-transformed SEV scalar: Oth Viol

Healthcare access and quality index

Opium cultivation (binary)

Population density (over 1000 ppl/sgkm, proportion)
Education (years per capita)

LDI (IS per capita)

Socio-demographic Index

Environmental heat and cold exposure

Level

W W W w w w w w w wN

Covariate

Healthcare access and quality index

90th percentile climatic temperature in the given country-year
Education (years per capita)

Elevation 500 to 1500m (proportion)

Elevation over 1500m (proportion)

LDI (IS per capita)

Population fensity (150-300 ppl/sqkm, proportion)
Population-weighted mean temperature

Rainfall (quintiles 4-5)

Sanitation (proportion with access)

Socio-demographic Index
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Table - Injury cause list

ID

1.1

111

1.1.2

113

1.1.4

1.1.5

1.2

2.1

2.2

23

2.4

24.1

24.2

2.5

251

25.2

2.6

2.7

2.7.1

2.7.2

2.8

28.1

2.8.2

Cause

Transport injuries

Road injuries

Pedestrian road injuries
Cyclist road injuries
Motorcyclist road injuries
Motor vehicle road injuries
Other road injuries

Other transport injuries
Unintentional injuries

Falls

Drowning

Fire, heat, and hot substances
Poisonings

Poisoning by carbon monoxide

Poisoning by other means

Exposure to mechanical forces
Unintentional firearm injuries

Other exposure to mechanical forces
Adverse effects of medical treatment
Animal contact

Venomous animal contact
Non-venomous animal contact
Foreign body

Pulmonary aspiration and foreign
body in airway
Foreign body in other body part

Modelling strategy

CODEm
CODEm and fatal discontinuity estimation
CODEm
CODEm
CODEm
CODEm and fatal discontinuity estimation
CODEm
CODEm and fatal discontinuity estimation
CODEm
CODEm
CODEm
CODEm and fatal discontinuity estimation
CODEm and fatal discontinuity estimation

CODEm

CODEm

CODEm
CODEm
CODEm and fatal discontinuity estimation
CODEm
CODEm
CODEm
CODEm
CODEm

CODEm

CODEm
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Covariate changes
from GBD 2016

Same covariates used
as Poisoning in GBD
2016

Same covariates used
as Poisoning in GBD
2016



Table - Injury cause list

[») Cause Modelling strategy Covariate changes
from GBD 2016
2.9 Environmental exposure to heat and CODEm and fatal discontinuity estimation
cold
2.10 Exposure to forces of nature Fatal discontinuity estimation
2.11  Other unintentional injuries CODEm and fatal discontinuity estimation
3 Self-harm and interpersonal violence CODEm
3.1 Self-harm CODEm
3.1.1 Self-harm by firearm CODEm

3.1.2 Self-harm by other specified means CODEm

3.2 Interpersonal violence CODEm and fatal discontinuity estimation

3.2.1 Physical violence by firearm CODEm

3.2.2 Physical violence by sharp object CODEm

3.2.3 Physical violence by other means CODEm

33 Conflict and terrorism Fatal discontinuity estimation

3.4 Executions and police conflict CODEm and fatal discontinuity estimation
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Fatal Discontinuities

terrorism Inputdata

Legend
GlobalTerrorism
Database Conflict and Vital Registration
from CoD Team

All-cause
mortality
VR file

| Exposureto forces
i of nature

J

CoD data
Other exposure to formatting and —{ VR de-duplication
mechanical forces mapping

Database

Outlier removed
VR points in CoD
Database

Poisonings

Robert S. Strauss
Center
Supplemental
Research Fire, heat, and hot CoD data
substances formatting and Age/sex splitting
fun draws > mapping (not (not Ebola)
EM-DAT | Othertransport Ebola)
injuries

Protein energy
malnutrition

Causes of death
database
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GIDEON

Fatal discontinuity
estimates for Conflict
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Exposureto forces of
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Process

WHO Global
Health
bservatory da

meningitis

Ebola outbreak
sourees Ebolavirus disease

Fatal discontinuity
estimates for other
injury causes"

lifi

Combine fatal © Cause of death
discontinuity
estimates with o
CODEmmodels @ Burden estimation

Fatal discontinuity
estimates for
protein energy
malnutrition

Fatal discontinuity
estimates for
epidemics

Abbreviations:

UCDP — Uppsala Conflict Data Program

11SS — International Intitute for Strategic Studies
EM-DAT - International Disasters Database

GIDEON - Global Infectious Diseases and Epidemiology
Network

CoD - Causes of Death

" Other exposure to mechanical forces; poisoning; fire, heat, and hot

substances; motor vehicle road injuries; and other transport injuries

Input data

Overall

Input data for fatal discontinuities are compiled a range of sources, including country vital registration
(VR) data; international databases that capture several cause-specific fatal discontinuities; and
supplemental data in the presence of known issues with data quality or representativeness, or time lags
in reporting. A systematic literature review was not used to identify input data for fatal discontinuities,
though some literature sources were identified through online supplemental research. Below we
provide more detail on the different input data sources by sub-causes of fatal discontinuities.

Subnational locations and population splitting

In locations where we produced estimates at the subnational level for GBD 2017, deaths due to all fatal
discontinuity causes were assigned to the relevant subnational location(s) when that information could
be obtained either through country data sources (eg, VR) or through additional online research. In the
rare case that no subnational location could be found, the deaths were split proportionally by
population across all subnational locations.

In locations that have experienced boundary changes or split from other locations that we currently
estimate (eg, the former Yugoslavia, Czechoslovakia, the Soviet Union, Sudan and South Sudan), we split
deaths due to events that occurred prior to boundary changes proportionally based on the populations
residing within the boundaries of present-day locations unless we found documentation that clearly
indicated whether the event and corresponding deaths occurred in one of the present-day GBD 2017
locations.
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Choosing between multiple sources for same event

Where multiple sources reported shock deaths for the same location-year-cause, a cause-specific
prioritisation scheme was followed that reflected the available detail in the cause-specific datasets. For
example, the Generalized Event Dataset from UCDP was prioritised above all other non-VR sources
because it included detail on how deaths were distributed between multiple actors and locations in each
conflict event. In most cases, VR from 4- or 5-star locations was used where available. In some cases, VR
from 4- or 5-star locations was not chosen if there were well-known data-quality issues or discrepancies
in the cause of death data reporting related to a particular event (eg, supplemental death data for
Louisiana was used for Hurricane Katrina because of established data reporting issues). The process for
prioritidation among various sources for location-year fatal discontinuities is described more in the
Modelling strategy below.

Major data sources other than country vital registration for each fatal discontinuity cause follow.

Conflict and terrorism. In GBD 2016, data for conflict and terrorism came from the Uppsala Conflict Data
Program (UCDP), International Institute for Strategic Studies, and Robert S. Strauss Center for
International Security and Law. For GBD 2017, data from the Global Terrorism Database (GTD), the
University of Chicago Suicide Attack Database, and the RAND Database of Worldwide Terrorism
Incidents were used in addition to those used in GBD 2016. The table below provides details about the
various datasets we utilised from these sources, the dates they were last accessed, and the years for
which we used the data provided. Where these data sources reported deaths due to gang violence, the
cause was re-mapped to physical violence by other means. Where these data sources reported deaths
due to legal intervention, the cause was re-mapped to executions and police conflict.
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Data source name Date Years of data Type of data included
accessed downloaded

Georeferenced Event 1/16/2018  1989-2015 UCDP battles, non-state, and one-sided conflict
Dataset, Version 17.1 deaths with the most disaggregated location
information available

International Institute for Strategic Studies

Robert S. Strauss Center For International Security And Law

Social Conflict Analysis 1/16/2018  1990-2016 Protests, riots, strikes, inter-communal conflict,

Database (SCAD) government violence against civilians, and other
forms of social conflict (covers Africa, Latin
America, and Asia)

Global Terrorism 1/16/2018 1970-2016 Attacks aimed at attaining political, economic,

Database (GTD) religious, or social goal, includes evidence of
intention to coerce, action was outside precepts of
International Humanitarian Law.

Suicide Attack Database 8/5/2017 1974-2016 Attacks in which an attacker kills him/herself in a
(CPOST SAD) deliberate attempt to kill others, includes only
attacks perpetrated by non-state actors

RAND Database of 9/8/2017 1968-2009 Terrorism, defined by the nature of the act, not by
Worldwide Terrorism the identity of the perpetrators or the nature of the
Incidents cause; including violence, calculated to create

fear/alarm, intended to coerce certain actions,
motive is political, group, or individual

Supplemental online research was conducted for recent conflicts where the databases above were not
up to date. In addition, deaths due to conflict and terrorism in Iraq from 2003 to present were estimated
using a combination of supplemental sources. The source found with the lowest number of deaths, Iraq
Body Count?, was used as the lower bound of the uncertainty interval from 2003 to 2016. Estimates
from the Iraq Mortality Study by Hagopian et al® from 2003 to 2006, the deadliest years of the war, were
used to scale deaths to generate the upper uncertainty interval limits using the following formula:
Wsms]

deathsgpp 2017, high = deaths;pc - [

deathsipcdyp03-2006
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We used the average ratio between IMS and IBC reported deaths between 2003 and 2006, multiplied by
the number of deaths reported by the IBC. This high estimate was carried forward through 2017 under
the assumption that the Iraq Body Count similarly undercounts the number of deaths due to the
ongoing civil war in Iraq. The final, best estimate for conflict and terrorism deaths in Iraqg from 2003 to
2016 is the midpoint of the high and low estimates given above.

We identified four major conflicts that were not represented in these databases: 1997 civil conflict in
Albania* 1971 genocide in Bangladesh®; 1972 genocide in Burundi®; and 1993 genocide in Burundi®. In
these cases, we used literature sources in order to account for these fatal discontinuities.

For country-years where multiple sources provided estimates, we prioritised sources in the following
order: (1) country VR data, if death estimates were highest of all sources; (2) UCDP; (3) IISS; (4) country
VR if death estimates were not the highest of all sources; (5) Robert Strauss Center; (6) Global Terrorism
DB; (7) CPOST Suicide Attack Database; (8) online supplemental research.

Exposure to forces of nature, other injury causes, and protein-energy malnutrition. The Centre for
Research on the Epidemiology of Disasters’ International Disaster Database (EM-DAT) served as the
primary non-VR source of fatal discontinuities due to exposure to forces of nature (ie, natural disasters);
other transport injuries (eg, plane, train, and boat accidents); poisonings; fire, heat, and hot substances;
other exposure to mechanical forces (eg, building collapse); and protein-energy malnutrition (ie, famine
or severe drought). Data from EM-DAT were last accessed February 14, 2018. Supplemental online
research was conducted for events where EM-DAT was not up to date.

For country-years where multiple sources provided estimates, we prioritised sources in the following
order: (1) country VR data, if data quality rating is 4 or 5 stars; (2) country VR data if data quality rating is
less than 4 stars and death estimates were highest of all sources; (3) EM-DAT; (4) online supplemental
research. Exceptions were made where it was clear that VR systems had been compromised by the
event being measured.

Meningococcal meningitis and diarrhoeal diseases. For GBD 2017, we included fatal discontinuities due
to a subset of infectious diseases: meningococcal meningitis (or meningococcal infection) and diarrhoeal
disease caused by cholera. These two infectious diseases were first included on the fatal discontinuity
cause list for GBD 2016 because (1) their current modelling strategies with the Cause of Death Ensemble
model (CODEm) do not optimally capture the potentially highly variable — or epidemic — mortality levels
and trends characteristic of these two causes; and (2) they can contribute to significant total fatalities in
a given location-year. Other infectious diseases for which the latter is true — high death rates in the
presence of an outbreak or epidemic — are currently modelled with alternative cause of death methods
(eg, natural history models for measles and yellow fever), which allow for greater variation year-over-
year if or when outbreaks occur. In future iterations of the GBD, we plan to revisit the inclusion criteria
for infectious diseases as fatal discontinuities and develop more of an ensemble approach to modelling
causes that can be both endemic (and thus result in more uniform levels and trends over time) and
epidemic (and subsequently lead to rapid increases — and decreases — in deaths for a given location-
year).

The Global Infectious Diseases and Epidemiology Network (GIDEON) served as the primary data source
for collating cholera and meningococcal meningitis or meningococcal infection death reports.”® For any
year in which cholera or meningococcal meningitis deaths were recorded in a country or territory
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covered by the GBD, we directly extracted reported deaths from 1970 to 2016. When there were
reporting gaps in cholera or meningococcal meningitis deaths over this period of time and the World
Health Organization (WHO) annual cholera or meningitis reports had death reports for those years, we
used the WHO reports. The primary exception were two major cholera outbreaks in Bangladesh — 1982
to 1983 and 1991 — which were not captured by either GIDEON or WHO. As result, we used the EM-DAT
records for the 1982-1983 outbreak and literature for the 1991 outbreak.’ For the Yemen Cholera
outbreak in 2016 and 2017, we used estimates from local collaborators in the absence of other data
sources.

Ebola. Since GBD 2015, outbreaks due to Ebola virus disease have been estimated using the data and
methods described in the Ebola write-up of this appendix and included in GBD death estimates in the
same way as other fatal discontinuity causes.

Modelling strategy
All input data for fatal discontinuity causes were run through the causes of death data formatting and
mapping process.

VR de-duplication

For injury causes that also have continuous background mortality and a CODEm model, a process was
established to avoid duplication of fatal discontinuity deaths in the two models. First, location-years
with fatal discontinuities data from non-VR sources were identified. If these location-cause-years also
had VR death estimates that were greater than 40% higher than the immediately surrounding years and
could be linked to a specific fatal discontinuity event, these years were marked as outliers in the VR data
and the difference between the outlier year and the average of the surrounding years was included in
the relevant cause in the fatal discontinuities database. The deaths from the identified events were
subtracted from the all-cause VR estimates used in the all-cause mortality estimation process.

Uncertainty analysis for input and draw-level input to age-sex splitting

Uncertainty intervals for deaths due to conflict and terrorism were generated using UCDP high and low
death estimates, except in the case of Irag 2003-2016, as explained above. In cases where low and high
estimates were not included in the available data, the regional average uncertainty interval was applied
to the available death estimate across all fatal discontinuity causes.

We assumed a log-normal distribution using mean death rates and standard error based on high and
low estimates. In the case that standard error was less than 10e-8, the draws were set equal to the
mean rate. 1,000 draws were sampled from this log-normal distribution. These 1,000 draws were then
converted back to count space and used for final calculations of means and uncertainty intervals.

Age-sex splitting

All compiled data were run through the causes of death age-sex splitting process, except for where we
had strong supplemental information on the age distribution of specific, large events, such as United
States mortality in the Vietnam War and Iranian mortality from the Iran-Iraq conflict in the early 1980s.

Changes from GBD 2016
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GBD 2017 saw an effort to systematise the collection of up-to-date fatal discontinuity data through
supplemental online research. New tools included use of Twitter to identify events not covered by other
sources, most notably in identifying events that occurred recently (2016, 2017). This process resulted in
a more comprehensive set of conflict and terrorism data for 2017, as well as large natural disasters not
contained in EM-DAT or VR.

For GBD 2017, efforts were also made to improve location tagging in raw data to the GBD location
hierarchy using several approaches. Identifying the correct GBD location for each event is difficult, as
reports of fatal discontinuities come in many formats, often with limited metadata. The approaches
used for improving the location tagging included a) utilising the collaborator network to more accurately
tag events to subnational locations when information in the data was scarce, b) automated matching
with GBD location names, c) overlaying a spatial file of the most-detailed GBD geographies, d) geo-
coding using precise place names, and e) for events spanning multiple GBD locations, but without detail
in the raw data, deaths were split using population.

We completed a detailed review of the fatal discontinuity cause mappings for conflict and terrorism,
police conflict and executions, using the text descriptions of each event when provided in the data. This
exercise resulted in updating the GBD cause assigned for a number of events present in the GBD 2016
analysis, which is one contributor in the differences seen in the GBD 2016 and GBD 2017 fatal
discontinuity estimates.
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Section 4: Central computation

Section 4.1: Imported cases

Imported cases are fatalities that occur in a geographic area where a particular CoD is known to be
eradicated in a specific time period or where infection cannot occur. We apply space-time restrictions to
these causes in the modeling strategy for that location and time period. However, in some rare cases,
there are deaths from these causes outside of restricted locations and time periods. These deaths are
referred to as Imported Cases.

Illustrating this concept, Chagas Disease is transmitted by insect vectors that only exist in the Americas.
For this reason, Chagas Disease is restricted in the models for countries such as Russia. However, it is
possible that someone traveling in Latin America could contract Chagas Disease and then die after
returning home to Russia. Imported cases accounts for these kinds of deaths.

To calculate these Imported cases, we find all cases from the VRs of data-rich countries for any CoD that
is otherwise geographically or temporally restricted. We then create a beta distribution from that data
point, using the sample size of the VR for that data point, and upload these draws as a custom CoD
model. This model is then used as an input to CoDCorrect.

Section 4.2: CodCorrect

Section 4.2.1: Objective of CodCorrect

As mentioned in the main text, the CoD models are cause-specific. As such, there is no guarantee that
the sum of these models will equal the results of the all-cause mortality estimates or that model results
of child causes add up to the parent model results. The CoDCorrect process is used to make the CoD and
all-cause mortality estimates internally consistent using a very simple algorithm.

Section 4.2.2: Algorithm and levels

The core algorithm remains the same as it did in GBD 2013. The equation can be written as follows:

PDlyasjd

j=k
2j=1 Dlyasjd

)

CDlyasjd = Dlyasjd(

Where:
CDyyqsja is the corrected number of deaths for a location [, year y, age a, sex s, cause j, and draw d
PDlyade is the parent cause deaths for a location [, year y, age a, sex s, cause j, and draw d

Dyyqsja is the uncorrected number of deaths estimated from a cause-specific model for a [, year y, age
a, sex s, cause j, and draw d
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The CoDCorrect process starts by rescaling the Level 1 causes to match the all-cause mortality estimates
(which is used for PDyy4jq in the above equation). Level 2 causes are then rescaled to their corrected
parent causes. This continues until all levels of the hierarchy have been rescaled. Causes and their levels
within the CoDCorrect hierarchy can be found in Appendix Table 14.

Unlike in GBD 2013, HIV is not included in the CoDCorrect process for GBD 2017. To account for this
change, Level 1 CoDCorrect causes are rescaled to HIV-deleted mortality estimates which are produced
as part of the mortality and HIV estimation process. Results from the GBD version of Spectrum are
added to the post-CoDCorrect death estimates, along with fatal discontinuities and imported cases, to
generate the full set of death estimates.

Section 4.2.3: Diagnostic results of CodCorrect by cause and location

For more detail on diagnostic results of CodCorrect by cause see Appendix Table 15.

Section 4.3: Years of life lost (YLLs) calculation

Years of life lost due to premature mortality (YLLs) were computed for 918 locations and 37 years. First,
we used the lowest observed age-specific mortality rates by location and sex across all estimation years
from locations with total populations greater than 5 million in 2016 to establish a theoretical minimum
risk reference life table. The values can be found in Appendix Table 16.

The YLL is a metric that is computed by multiplying the number of estimated deaths by the standard life
expectancy at age of death. The metric therefore highlights premature deaths by applying a larger
weight to deaths that occur at younger age groups. We propagated uncertainty from CoDCorrected
deaths for all demographics. The core equation can be written as follows:

YLL = Z dasa

c=1,a4=0,s=1
Section 4.3.1: GBD world population age standard

Age-standardized populations in the GBD were calculated using the GBD world population age standard.
For GBD 2013, GBD 2015 and GBD 2016, the age-specific proportional distributions of all national
locations from the UNPOP World Population Prospects 2012 revision for all years from 2010 to 2035
were used to generate a standard population age structure using the non-weighted mean across all the
aforementioned country-years. For GBD 2017 we have used the non-weighted mean of 2017 age-
specific proportional distributions from the GBD 2017 population estimates for all national locations
with a population greater than 5 million people in 2017 to generate an updated standard population age
structure.®® The values used for the age standard are found in Appendix Table 17.
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Section 5: SDI Analysis

Section 5.1: SDI definition

The Socio-demographic Index (SDI) is a composite indicator of development status strongly correlated
with health outcomes. In short, it is the geometric mean of 0 to 1 indices of total fertility rate under the
age of 25 (TFU25), mean education for those aged 15 and older (EDU15+), and lag distributed income (LDI)
per capita.

Section 5.2: Development of revised SDI indicator

SDI was originally constructed for GBD 2015 using the Human Development Index (HDI) methodology,
wherein a 0 to 1 index value was determined for each of the original three covariate inputs (TFR in ages
15 to 49, EDU15+, and LDI per capita) using the observed minima and maxima over the estimation period
to set the scales.!

In response to feedback from collaborators and the evolution of the GBD, we have refined the indicator
with each GBD cycle. For GBD 2017, in conjunction with our expanded estimation of age-specific fertility,
we replaced TFR with TFU25 as one of the three component indices. The TFU25 provides a better measure
of women’s status in society, as it focuses on ages where childbearing disrupts the pursuit of education
and entrance into the workforce. In addition, we observe that in highly developed countries the TFU25
has tended to decline consistently over time, even amidst rebounds in TFR driven by increasing fertility in
older ages. The concordance correlation coefficient between SDI using the GBD 2016 method and the
updated method for GBD 2017 was 0.981.

During GBD 2016 we moved from using relative index scales to absolute scales to enhance the stability of
SDI’s interpretation over time, as we noticed that the measure was highly sensitive to the addition of
subnational units that tended to stretch the empirical minima and maxima.?? We selected the minima and
maxima of the scales by examining the relationships each of the inputs had with life expectancy at birth
and under-5 mortality and identifying points of limiting returns at both high and low values, if they
occurred prior to theoretical limits (e.g., a TFU25 of 0).

Thus, an index score of 0 represents the minimum level of each covariate input past which selected health
outcomes can get no worse, while an index score of 1 represents the maximum level of each covariate
input past which selected health outcomes cease to improve. As a composite, a location with an SDI of 0
would have a theoretical minimum level of development relevant to these health outcomes, while a
location with an SDI of 1 would have a theoretical maximum level of development relevant to these health
outcomes.

We summarize the final scales for GBD 2017 in the table below.

Input Lower Bound Upper Bound
TFU25 0 3
LDI per capita 250 USD (5.52 log USD)® 60,000 USD (11.00 log USD)
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EDU15+ O years 17 years

b The minimum for the LDI scale was originally set at the theoretical limit of 0 USD, as we did not observe an asymptotic relationship
between log(LDI) and Eo or 590 at lower values of log(LDI). Empirically, however, we also did not observe an LDI below 350 USD
(5.86 log USD) for the estimation period 1970-2016. In log-space, this meant that approximately half of our scale was not being
utilized, compressing the observed variation in LDI and diminishing its meaningful contribution to SDI. Accordingly, we set the lower
limit on LDI to 250 USD (5.52 log USD) to ensure we were fully utilizing the range of the scale to capture its variation across space
and time, as is the case with the other two inputs.

Using scales described above, we computed the index scores underlying SDI as follows:

(Cly - Clow)
(Chigh - Clow)

Where Iy, —the index for covariate C, location /, and year y —is equal to the difference between the value
of that covariate in that location-year and the lower bound of the covariate divided by the difference
between the upper and lower bounds for that covariate. If the values of input covariates fell outside the
upper or lower bounds (e.g. LDI per capita greater than 60,000 USD), they were mapped to the respective
upper or lower bounds. We also note that the index value for TFU25 was computed as 1 — Ipyzsiy, as
lower TFU25s correspond to higher levels of development, and thus higher index scores. For GBD 2017
we expanded the computation of SDI to 890 national and subnational locations spanning the time period
1950-2017.

ICly =

The composite Socio-demographic Index is the geometric mean of these three indices for a given location-
year. The cutoff values used to determine quintiles for analysis were then computed using country-level
estimates of SDI for the year 2017, excluding countries with populations less than 1 million. SDI groupings
by geography are provided in Appendix Table 19, SDI values by location are provided in Appendix Table
20, and SDI R-squared values with lags up to 10 years are provided in Appendix Table 18.

Example Calculation
Below we present the calculation of SDI for a hypothetical country in the year 2010:

TFU25 = 1.09; Mean educ yrs pc = 8.23; InLDI = 9.60

1.09-0
ITFUZS =1- ﬁ = .637
823-0
IEduc = ﬁ = 484
9.60 — 5.52

I = """ — 744
LDl ™ 11,00 — 5.52

SDI = [Irryzs * Isaue * lmipr = V-637 * 484« 744 = 611
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9.58 —5.52

I = """ = 741
LDl ™ 11,00 — 5.52

SDI = 3;/ITFR * IEduc * IlnLDI = %/.855 *.,543 % 741 = 701
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